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Multi-label Classification in Network Environments
via Seed Node Selection
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Abstract; Multi-label classification is widely used in genetic classification,drug discovery and text classification. The
existing multi-label classification algorithms usually select nodes randomly from the network as their training set. However,
during multi-label classification, different nodes have different effects. Given the number of nodes in the training set,a differ-
ent training sub-set can lead to different classification accuracy. Hence ,we introduce the concept of seed nodes, the classifi-
cation procedure starts from the seed nodes,and after continuous reasoning, the labels of other nodes are inferred in the net-
work. We propose an SHDA algorithm ( Nodes Selection of High Degree from Each Affiliation) in which the nodes of high
degrees from each affiliation belonging to the network are selected and merged,and after processing,the seed nodes are ob-
tained. Experiments on several real-world datasets demonstrate that taking seed nodes as the training set to classify multi-la-
beled data can improve the classification performance.
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(%) SHDA + Edge 27.62 31.32 32.21 33.43 33.89 34.49
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SHDA + SCRN 11.26 13.13 14.36 15.53 16.55 17.61
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randomly + SCRN

0.0716 +20220.209

0.0721 +21110. 6866

0.0675 +20463.7392

0.0736 +16309.23

0.0756 +14418. 0039

SHDA +SCRN | 1.8924 +19120.8712 | 1.4899 +18846.2674 1.4006 +18287.7288 1.5488 +15999.571 1.7594 +12873.8918
randomly + Edge 0.0716 +1.3356 0.0721 +4.3049 0.0675 +7.3865 0.0736 +11.2170 0.0756 +16.4022
SHDA + Edge 1.8924 +4.9108 1.4899 +11.7078 1.4006 +19.1307 1.5488 +23.1049 1.7594 +26.9862

randomly + wvRN

0.0716 +11914. 2346

0.0721 +12245.4936

0.0675 +11957.5732

0.0736 +11753.4907

0.0756 +11087.6778

SHDA + wvRN

1.8924 +11854.2659

1.4899 +12104.3575

1.4006 +11787.3501

1.5488 +11427.9402
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0.0773 +14093.2313

0.0782 +14122.5027

0.0782 +13870.4589

0.0789 +13554.559%4

0.0720 +12046. 1614

SHDA + SCRN

1.3839 +12321.9526

1.5104 +12279. 0958

1. 4096 +12084.7095

1.5564 +11767. 0459

1.5570 +11644.8778

randomly + Edge

0.0773 +19.7820

0.0782 +22.1468

0.0782 +27.4766

0.0789 +30.7452

0.0720 +32. 6464

SHDA + Edge

1.3839 +28.8799

1.5104 +34.5318

1.4096 +36.4880

1.5564 +38.3377

1.5570 +39.0773

randomly + wvRN

0.0773 +10970. 7951

0.0782 +11021.306

0.0782 +10960. 4526

0.0789 +10562.2632

0.0720 +10507. 8926

SHDA + wvRN

1.3839 +10780.9173

1.5104 +1069.1761

1. 4096 +10403. 0394

1.5564 +10340. 6883

1.5570 +10334.9079
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10%

20%

30% 40%

50%

60%

randomly + SCRN

0.0100 +657.3252

0.0105 +576.988 | 0.0106 +489.379

0.0109 +419.7945

0.0112 +337.8141 [0.0113 +266. 8242

SHDA + SCRN 7.2481 +635.6806 |7.1653 +534.9737 | 7.1919 +449.883 |7.1589 +416.4779 |7.1618 +329.2965 |7.1833 +261.3027
randomly + Edge 0.0100 +3.0268 | 0.0105 +6.3613 | 0.0106 +10.4745 | 0.0109 +14.9554 | 0.0112 +19.4940 | 0.0113 +24.7098
SHDA + Edge 7.2481 +3.0087 | 7.1653 +9.2308 | 7.1919 +14.9193 | 7.1589 +18.9712 | 7.1618 +25.6156 | 7.1833 +29.3793
randomly + wwRN |0.0100 +270.0023 |0.0105 +238.4652 |0.0106 +207.3798 |0.0109 +178.3946 {0.0112 + 144.8433 |0.0113 +113.9107
SHDA +wvRN 7.2481 +212.0875 | 7.1653 +182.961 |7.1919 +159.7029 | 7.1589 +133.749 | 7.1618 +111.648 | 7.1833 +89.4766
*8 DBLP HUEE L & EEKIEITRIE
I e L i 5% 10% 15% 20% 25% 30%

randomly + SCRN

0.0083 +59.0717

0.0085 +54.2758 | 0.0087 +51.4626

0.0088 +47.2634

0.0088 +42.6631

0.0089 +42.8946

SHDA + SCRN

1.2938 +58.4726

1.3624 +53.6815 | 1.4416 +49.6739

1.3356 +45.3047

1.3202 +40. 8669

1.3653 +41.4465

randomly + Edge

0.0083 +0.0541

0.0085 +0.0992

0.0087 +0.1220

0.0088 +0. 1494

0.0088 +0. 1725

0.0089 +0. 1864

SHDA + Edge 1.2938 +0.0584 1.3624 +0.0983 1.4416 +0.1376 1.3356 +0.1653 1.3202 +0. 1867 1.3653 +0.2135
randomly + wwRN | 0.0083 +26.8711 | 0.0085 +24.4639 | 0.0087 +22.8725 | 0.0088 +21.4823 | 0.0088 +20.0958 | 0.0089 +18.4917
SHDA + wvRN 1.2938 +26.5227 | 1.3624 +24.1004 | 1.4416 +22.8897 | 1.3356 +21.3200 | 1.3202 +19.5536 | 1.3653 +18.3373
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