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Abstract In the traditional single-label mining technology research,each sample belongs to only one label and the labels are mu-
tually exclusive. In the multi-label learning problem.,one sample may correspond to multiple labels.and each label is often asso-
ciated with each other. At present,the research on the correlation between tags gradually becomes a hot issue in multi-label lear-
ning research. Firstly,in order to adapt to the big data environment, the traditional association rule mining algorithm Apriori is
parallelized and improved. The Hadoop-based parallelization algorithm Apriori_ING is proposed to realize the generation of the
candidate set,the pruning and the support number statistics,and the parallelization. The advantage is that the frequent itemsets
and association rules obtained by the Apriori_ING algorithm generate tag sets,and the inference engine based tag set generation
algorithm IETG is proposed. Then,the label set is applied to multi-label learning,and a multi-label learning algorithm FrelP is
proposed. FreLP uses association rules to generate a set of labels,decomposes the original set of labels into multiple subsets,and
then uses the LP algorithm to train the classifier. FreLP was compared with the existing multi-label learning algorithms. Experi-
ment results show that the proposed algorithm can obtain better results under different evaluation indicators.
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Table 1 Details in datesets
A% AN AN BHE  EAE CPHRAHR
Emotions 593 6 — 72 1869
Yeast 1500 14 — 103 4237
Scene 2407 6 — 294 1074
Medical 978 45 1449 — 1245
Genbase 662 27 1186 — 1252
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W A1 230 4 R P AT 2 T 4 45 S AY 3G B ML A 4 FrelP 55 3%
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CH FrelP B3k 5 5 UMY 2 45 45 % 2 556 (RAKEL 83|
MLKNN % .CC 8% \BR 580 M/ e . R A Ac-
curacy, Recall, F-measure, Ranking Loss /£ 85 ¥4 fE 69 TEHY
FRUE, SCOOSEHANE 2— K 5 FrF. 45 DL + AR ofE 2=
FIE A .

F2 A LY LA

Table 2 Accuracy comparison of algorithms

FreLP RAKEL  MLKNN cc BR
) 0.5799+ 0.57104 0.5690- 0.5677+ 0.5521+
Emotions
0.0377  0.0231  0.0401  0.0236  0.0376
Vet 0.6342+ 0.62454+ 0.6112- 0.6018+ 0.5974+
cas 0.0157  0.0272  0.0371  0.0080 0. 0144
< 0.7220% 0.70114  0.6954- 0.69124  0.6588+
eene 0.0546  0.0324  0.0928  0.0462  0.0114
_ 0.7745+ 0.77314+  0.7769%  0.75714+  0.7456+
Medical R
0.0036  0.0123  0.0520  0.0147 0.0324
. 0.9810% 0.97614 0.9658- 0.9747+  0.9710+
Genbase
0.0671  0.0652  0.0357  0.0167 0.0673
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Table 3 Recall comparison of algorithms
FreLP RAKEL  MLKNN cC BR ‘E
o 0.6581+ 0.6510+ 0.5730% 0.5590+ 0.5521% g
Emotions
0.0237 0.0134 0.0311 0.0283 0.0376
Ven 0.7112% 0.7001%  0.6955% 0.6821+  0.6974%
cast 0.0231 0.0222  0.0131 0.0190  0.0010 010 15 0
025 0 050 Confidence
< 0.6970% 0.6611+ 0.6766+ 0.6891- 0.6532+ Support 035 040
seene 0.0721  0.05421  0.0638  0.0697  0.0122
_ 0.8411+ 0.8423+ 0.8658% 0.8567- 0.7956% I 2 AT SCREBERNTL (5T SR PERERS T
Medical _ . . . . .
0.0147 0.0652 0.0930 0.0617 0.0111 Fig. 2 Comparison of algorithm performance under different support
Genbas 0.96124+ 0.9711%£  0.9600% 0.9610+  0.9531+ and confidence
renbase 0.0782  0.0698  0.0431 0.0274  0.0555
DASE 56 Bcis il LA GBI X BE R B Y
4 % F-measure [ FL# I
&4 AR Fmeasure g 4 ). fE— 5 0 L B SR A 1 AR B T 2 D
Table 4 F-measure comparison of algorithms .. -
PR T I R AN E ) iy ) By N B 2 | o = |
FreLP RAKEL  MLKNN cC BR N s o
- —ERERERS AP 1 SN 0.3 B AR E N 0.7 BB
Emotions | 0-6897%  0.6L47E 0.6711%  0.5990%  0.5521=
’ ) 0.0666 0.0689 0.0011 0.0349 0.0140 VR s B R
Venst 0.5216%  0.5125%  0.4877%  0.5180%  0.5421% BEHIE AR SCE AR T — RGN 2 8 5 5 Aprio-
0.0642 0.0867 0.0146 0.0633 0.0164
ri BB HEE B Apriori ING, iZ B ¥ Apriori 5 Hadoop #E
See 0.7240% 0.7163+ 0.70224 0.6853-  0.6846%
cene 0.0256  0.0964  0.0445  0.0145  0.0485 BAAHGS A, SCIL T AT ST 58 b A 1R T A 1) AR AR L B R N 5L
Medical | 0-7786%  0.7651% 07611+ 0.7150%  0.6956= FER it 2 T Apriori 47 46 ok v BRI . ARG
edied 0.0633  0.0345  0.0010 0.0755  0.0345 N
KHEHI B A AR 2 ) kb 3 T 5 F AL A bR 45
Gonbase | 0-0764%  0.9862%  0.9811+  0.9766% 09711 ‘ o A ] B
enbas 0.0131 0.0335  0.0317  0.0369  0.0313 EAEME DL IETG, KB B sh Al M REES.
B [— Y
)E R IR I B FreLlP, N B MR Z £ 5% LP
%5 %% Ranking Loss B L& ) " ' )
, . ‘ o o Bk IR ER I B XN R, E2 A
Table 5 Ranking loss comparisons of algorithms
FreLP RAKEL  MLKNN cC BR B LAY SE R FE AR ] 4F 5245 BE (Support) F1 {5 & (Conlfi-
. 0.1755%  0.2100+  0.1990+ 0.2235+  0.1991+ dence) IHETHE T , 51 A SCHR LI ) £ b5 45 2% 2T 55 Al L) 42
motions
. L0221 L0101 .01 .011 e b . N,
0017700 00101 00188 00110 A P OV L L o G B T L T Y TR LU
0.1549+ 0.1666+ 0.1648% 0.1784= 0.1597% - e e b e -
Yeast 0.0122  0.0100  0.0173  0.0180 00122 RIRHLIN 8 0 2 b5 25 5 ) AR WO PERE T — 20 TAR 200 SRR
s 0.0878% 0.1201% 0.0988% 0.1455+ 0.1088% R A2 40 57 15 0 245 88 2 2] SR Bl O — B I SRR
ocene
0.0021 0.0110 0.0082 0.0121 0.0191 %ﬂﬁ%ﬁ{{ﬁ{’ﬁﬁqﬁf‘ —_}E/J%ﬁ ﬁ?k?UA E’j?)éﬁl%ﬁ(o
Medica] | 0-0765%  0.0825% 01051+  0.0988+  0.0879%
et 0.0036  0.0023  0.0610  0.0147  0.0210 % T Wk
. 0.2100% 0.2218+ 0.3140% 0.2685+  0.2498%
Genbase
0.0101 0.0164 0.0222 0.0155 0.0201

SIS K FrelP BN X FIEMEGFE B IXE N
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