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Abstract: In the real world, multi-label learning has become a hotspot in machine learning research area. In the multi-label learning
problem, each instance is usually described by multiple class labels, which could be correlated with each other. It is well known that
exploiting label correlations is important for multi-label learning. In this paper, an improved association rule mining algorithm based is
designed on the matrix divide-and-conquer strategy. In addition, a proof is given to show the proposed algorithm in finding correct
frequent items, and an application of the algorithm to the multi-label learning framework is also provided. Moreover, a global association
rule mining and a local association rule mining based multi-label classification methods are proposed. Experimental results on several
datasets show that the proposed methods can obtain a better classification performance on 5 different evaluation criteria.
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2
2.1
DB,ltem={iy,i,,...,in} Tr={tr,tra,.. . try} s s Tr;
i,ir  Item is n, n- DB
is=i, iscltem,iicltem,isni=d. (support) (confidence) ,
is=>iy DB Tr s, it Tr
Support(is=iy)=|{Tr:i;wi,cTr,Tre DB}|/|DB] (1)
i-=i; DB Tr is,it Tr is s
Confidence(is=i,)=|{Tr:isuikcTr,Tre DB}|/|{Tr:i,Tr,TreDB}| 2)
DB (Minsup)
(Minconf) Minsup,Minconf s
2.2
DB, Tr={tr,try,....tre}, Item={it,,it,,...,itn}, V={V|,Vs,....V}
, M . ,
M.A_{O’ i_t"gtri i e[Lk],je[l,m].
L it ety TR ’
(MDC-FIM) : M ,
MDC-FIM (1) M , :(2) M 0
, M , 0 L3) M ,
V;(4) 1 Minsup \Y (
).MDC-FIM 1.
1. (MDC-FIM ).
DB, Tr, Item, Minsup, V.
: Freltem.
1. Generate M using DB, Tr, Item
2. j=Find(M) /M j 0
3. Switch(M[:,j1,M[:,end]); // M j
4. Switch(V[j],V[end]); // M
5. Sort(M,end); /I M s end 0 1
6. countend=sum(M[:,end]); /l end 1
7. threshold=Minsupxrow(M); /l
8. if (end>1)
9 Freltem.add(M[:,1:end—1]); 1 1 end—1
10.  Freltem.add(V[1:end-1]); /l 1 end-1

11.  Goto 2);
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12. endif
13. if (countend=threshold)
14.  begin=row(M)-threshold+1;

15.  Freltem.add(M[begin:row(M),:]); 1 begin  row(M)
16.  Freltem.add(V[1:end]); /l \Y
17. Goto 2);
18. endif
19. return Freltem
2.3 MDC-FIM
DB, Tr={tr,try,...,tre}, Item={iy,iz,...,im}, M(M 0),
K, m. 0 .1 . M
1 , i 0 kg 1
0
. i
k =k 0
: 1
k=1
1
Fig.1 Elementary transformation of matrix
1
M Minsup n- s M, M,
).
m
0
J
. 0
1
kJ
1
Fig.2 An example of matrix divide-and-conquer
2
n- N .
Minsup n- M, M, |
1) Minsup n- 2 M
M3 0, n- m-1 , My m-1 M,
n- M, , ;
2) n- a(0<a<N) M, , N-a M;
1) ;M; M, i , N-a M, J
n- , N n 1. M,
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Corel5k

Jou
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1 s Mulan®
(http://mulan.sourceforge.net/index.html)
Table 1 Experimental datasets
1
DS p d q LCard LDen LDiv
Emotions 593 72 6 1.869 0.311 27
CAL-500 502 68 174 26.044 0.150 502
Flags 194 19 7 3.392 0.485 54
Genbase 662 1186 27 1.252 0.046 32
Yeast 2417 103 14 4.237 0.303 198
CorelSk 5000 499 374 3.52 0.009 3175
LCard (label cardinality),
P g )
LCard(DS) = izz<y;” =1
pi==
, T, A7) L (m
LDen (label density),
LDen(DS)=LCard(DS)/q
LDiv (label diversity),
LDiv(DS)=|{y|3x:(x,y)eDS}|

4.2

1)

2)

3)

4)

5)

3.1

Hamming loss.

hloss, (h) =
L A
One-error.
one-error,(f)= é
Coverage.

S= {(xl,Yl)a(beZ)" . "(XS9YS)},

IS1
I3 L hex)av,|
2o
a||

Zsl(argmax f(x,y)eY)

o1 yef

coverage,(f) = 1Zm%x rank, (x,,y) -1
S Yevi

Ranking loss.
rlosss(f)zli%
sialYillYil
Y Y Y

Average precision.

1

Y Yot | FOG YD) = T4 Y,)0 (Y1 Y,) €Y x Y |
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GAR-MLC  LAR-MLC ML-KNN,Rank-SVM,BP-MLL

GAR-ML-KNN,LAR-ML-KNN,GAR-Rank-SVM,LAR-Rank-SVM,GAR-BP-
MLL,LAR-BP-MLL, 5
, . : Minsup 0.1
Minsup=0.1, Minconf=0.7.LAR-MLC , k-Means ,
5. : ML-KNN k=10, 1. Rank-SVM ,
c=1, RBF . BP-MLL , 20%,
a=0.05 100.
4.3
R 80% s 20% s 10 2~
7 9

Table 2 Comparison results of different multi-label algorithms on the Emotions dataset (meantstd)

2 Emotions ( + )

Method Hamming loss!  One-Error]| Coverage Ranking lossy  Average precisionT
ML-KNN 0.269+0.019 0.378+0.052  2.271+0.199  0.254+0.034 0.718+0.030
GAR-ML-KNN 0.251+0.020 0.327£0.079  2.255+0.186  0.246+0.046 0.734+0.045
LAR-ML-KNN 0.250+0.013 0.367£0.048  2.210+0.161 0.252+0.030 0.736+0.029
Rank-SVM 0.238+0.021 0.362+0.067  2.075+0.236  0.225+0.041 0.739+0.039
GAR-Rank-SVM 0.226+0.021 0.274£0.068  2.063+0.173 0.199+0.035 0.777£0.036
LAR-Rank-SVM 0.224+0.019 0.271+£0.045 1.985+0.176  0.190+0.020 0.765+0.022
BP-MLL 0.314+0.011 0.620+0.078  3.272+0.177  0.457+0.039 0.539+0.035
GAR-BP-MLL 0.333+0.044 0.603+0.146  3.231+0.207  0.440+0.060 0.554+0.054
LAR-BP-MLL 0.342+0.029 0.557£0.063  3.044+0.221 0.415+0.023 0.572+0.018

Table 3 Comparison results of different multi-label algorithms on the CAL-500 dataset (meanzstd)

3 CAL-500 ( + )
Method Hamming lossy  One-Errord  Coverage(x10)d  Ranking lossy  Average precisionT
ML-KNN 0.140+0.006 0.108+0.031 12.910+0.451 0.182+0.007 0.494+0.010
GAR-ML-KNN 0.139+0.004 0.108+0.040 13.005+0.351 0.180+0.009 0.510+0.018
LAR-ML-KNN 0.13840.004 0.112£0.034 12.990+0.303 0.181£0.005 0.507£0.013
Rank-SVM 0.189+0.024 0.230%0.057 13.713£0.355 0.247+0.023 0.439+0.022
GAR-Rank-SVM 0.188+0.026 0.216+0.048 13.588+0.362 0.243£0.021 0.44240.014
LAR-Rank-SVM 0.189+0.027 0.216+0.044 13.561+0.345 0.241+0.022 0.444+0.027
BP-MLL 0.13840.004 0.13240.048 13.043+0.214 0.191£0.003 0.482£0.006
GAR-BP-MLL 0.136+0.003 0.12440.040 13.19840.439 0.189+0.007 0.501£0.007
LAR-BP-MLL 0.131+0.006 0.094+0.040 12.971+0.378 0.181+0.007 0.502+0.014

Table 4 Comparison results of different multi-label algorithms on the Flags dataset (meantstd)

4 Flags ( * )

Method Hamming lossy  One-Errord CoverageV Ranking lossy  Average precisionT
ML-KNN 0.330+0.034 0.232+0.086  4.069+0.333 0.264+0.053 0.783+0.048
GAR-ML-KNN 0.278+0.036 0.227+0.095  3.742+0.305 0.201+0.046 0.823£0.032
LAR-ML-KNN 0.264+0.041 0.23140.073  3.992+0.243 0.21540.035 0.812£0.030
Rank-SVM 0.286+0.060 0.246+0.147  4.042+0.311 0.232+0.068 0.807+0.074
GAR-Rank-SVM 0.25940.036 0.210+0.121  3.821+0.302 0.22610.047 0.813£0.047
LAR-Rank-SVM 0.255+0.038 0.2074£0.060 3.815%0.370 0.209+0.019 0.82140.036
BP-MLL 0.281+0.033 0.222+0.080  4.000+0.258 0.233£0.044 0.803+0.036
GAR-BP-MLL 0.265+0.045 0.218+0.084  3.932+0.354 0.215£0.051 0.821£0.036
LAR-BP-MLL 0.260+0.026 0.2124+0.072  3.825+0.296 0.211+0.042 0.825%0.035
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Table 5 Comparison results of different multi-label algorithms on the Genbase dataset (meantstd)

Journal of Software

Vol.28, No.11, Novermber 2017

5 Genbase ( + )

Method Hamming loss(x0.1)Y  One-Errord Coveragey Ranking loss(x0.1)¥  Average precisionT
ML-KNN 0.050+0.019 0.008+0.001  0.533+0.399 0.053£0.075 0.990£0.010
GAR-ML-KNN 0.057+0.027 0.009+0.001  0.502+0.269 0.039+0.044 0.992+0.010
LAR-ML-KNN 0.138+0.004 0.006+0.001  0.496+0.246 0.03740.040 0.986+0.010
Rank-SVM 0.011£0.007 0.006+0.001  0.282+0.101 0.010£0.025 0.996+0.005
GAR-Rank-SVM 0.008+0.005 0.006+0.001  0.283+0.128 0.009+0.002 0.998+0.003
LAR-Rank-SVM 0.007+0.005 0.005+0.001  0.279+0.128 0.008+0.002 0.999+0.003
BP-MLL 0.131+0.042 0.009+0.001  0.764+0.168 0.138+0.036 0.893£0.028
GAR-BP-MLL 0.118+0.027 0.008+0.001  0.533+0.192 0.101£0.031 0.899+0.038
LAR-BP-MLL 0.051+0.029 0.007+0.001  0.431+0.298 0.042+0.026 0.903+0.006

Table 6 Comparison results of different multi-label algorithms on the Yeast dataset (meantstd)

6 Yeast ( it )

Method Hamming lossy  One-Errord CoverageV Ranking lossy  Average precisionT
ML-KNN 0.199+0.012 0.24240.044  6.309+0.206 0.170+0.016 0.75940.027
GAR-ML-KNN 0.194+0.007 0.233+0.009  6.218+0.152 0.167+0.007 0.764+0.007
LAR-ML-KNN 0.191+0.009 0.226+0.029  6.2024+0.218 0.163+0.013 0.770£0.018
Rank-SVM 0.190+0.010 0.230+0.020  6.298+0.294 0.167+0.014 0.770£0.015
GAR-Rank-SVM 0.187+0.008 0.22240.028  6.591£0.156 0.150+0.011 0.808+0.014
LAR-Rank-SVM 0.190+0.008 0.21740.021  6.317+0.236 0.14740.012 0.812+0.016
BP-MLL 0.217+0.091 0.244+0.027  6.596+0.205 0.180+0.011 0.746£0.016
GAR-BP-MLL 0.2160.060 0.241+0.026  6.545+0.228 0.17940.012 0.749+0.016
LAR-BP-MLL 0.211+0.010 0.237+0.019  6.511+0.220 0.176+0.011 0.750£0.013

Table 7 Comparison results of different multi-label algorithms on the Corel5k dataset (meantstd)

7 CorelSk ( + )
Method Hamming lossy  One-Errord Coveragei Ranking loss{ Average precisionT
ML-KNN 0.014+0.000 0.58740.022  127.14+3.70 0.208+0.008 0.354+0.016
GAR-ML-KNN 0.013£0.000 0.58440.020  123.34+3.19 0.201£0.007 0.351£0.012
LAR-ML-KNN 0.01340.000 0.579+£0.019  121.74£5.18 0.198+0.007 0.359+0.015
Rank-SVM 0.009+0.000 0.569+0.016  117.22+5.19 0.162+0.008 0.357+0.009
GAR-Rank-SVM 0.009+0.000 0.563+0.019  107.72+4.97 0.15440.009 0.359+0.009
LAR-Rank-SVM 0.009+0.000 0.568+£0.020  109.7245.12 0.158+0.006 0.362+0.009
BP-MLL 0.01440.001 0.597+0.027 143.4+0.29 0.182+0.005 0.325+0.016
GAR-BP-MLL 0.013£0.000 0.579+0.027 140.9£0.27 0.162+0.005 0.329+0.009
LAR-BP-MLL 0.013+0.000 0.582+0.027 128.4+0.24 0.166+0.006 0.331£0.010
2~ 7 9 5 ML-KNN,
Rank-SVM,BP-MLL y GAR-MLC LAR-MLC ,
LAR-MLC GAR-MLC 6
,LAR-MLC GAR-MLC.
6 ,Rank-SVM GAR-Rank-SVM,LAR-Rank-SVM Emotions,
Genbase, Yeast,Corel5k 4 , 5 s
GAR-MLC LAR-MLC R Rank-SVM
GAR-Rank-SVM,LAR-Rank-SVM R 3,
40%,60%,80%.  Yeast , a8 3
8 R (40%,60%,80%),GAR-MLC,LAR-MLC Rank-SVM ,
GAR-MLC,LAR-MLC s
8 b
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Table 8 Comparison results of Rank-SVM, GAR-Rank-SVM and LAR-Rank-SVM
on the Yeast dataset (meantstd)

8 Rank-SVM,GAR-Rank-SVM  LAR-Rank-SVM Yeast ( + )

Method Hamming lossy  One-Errord Coveragei« Ranking loss¥ Average precisionT Percentage
Rank-SVM 0.203+0.003 0.244+0.011  6.575+0.073 0.174+0.004 0.756+0.006 40%
GAR-Rank-SVM 0.20240.002 0.247+0.010  6.528+0.081 0.179+0.003 0.755+0.004 40%
LAR-Rank-SVM 0.202+0.003 0.243+0.008  6.525+0.073 0.178+0.005 0.756+0.005 40%
Rank-SVM 0.199+0.005 0.239+0.023  6.447+0.122 0.176+0.009 0.759+0.012 60%
GAR-Rank-SVM 0.1984+0.005 0.238+0.023  6.417+0.089 0.172+0.008 0.764+0.014 60%
LAR-Rank-SVM 0.195+0.004 0.227+£0.018  6.416+0.133 0.169+0.006 0.768+0.009 60%
Rank-SVM 0.190+0.010 0.230+£0.020  6.298+0.294 0.167£0.014 0.770+0.015 80%
GAR-Rank-SVM 0.187+0.008 0.22240.028  6.591+0.156 0.150+0.011 0.808+0.014 80%
LAR-Rank-SVM 0.190+0.008 0.21740.021  6.317+0.236 0.147+0.012 0.812+0.016 80%
MDC-FIM s
,  Emotions 5 s 6
, 1.869. Minsup=0.1 Minconf=0.7, 2 , “Relaxing-
Clam=Quiet-Still” “Sad-lonely=Quiet-Still”. : . ¥ « ” ,
, CAL-500 , 174 1 26.044, 301
, 10% ,
MDC-FIM R Minsup Minconf.
, Minsup=0.1  Minconf=0.7. MDC-FIM
s 3 GAR-Rank-
SVM  LAR-Rank-SVM  Yeast s Minsup  Minconf
AP P 5 0 o 8 0B R AL LAk S L. W ot T A P
Mo s . ¥ i Wi ' Mincani oo | o4 L VR MinE e
Fig.3 Number of association rules of GAR-Rank-SVM and LAR-Rank-SVM on Yeast dataset
varies with Minsup and Minconf
3 GAR-Rank-SVM  LAR-Rank-SVM  Yeast
Minsup  Minconf
3 : Minsup , Minconf ; Minconf
s Minsup .LAR-Rank-SVM s

GAR-Rank-SVM Minsup 0.2
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0.8 . s
3 ;. Minsup 0.1 Minconf 0.7 ) s
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Average Precision Minconf  Minconf
= I11.1| I =55 00 B MR I % Yoot B4 L F 11T 45 Avarage Precisionced L 1N nmi,%"z.fﬂ AR [R) KB ) K 4 Yeast 84T 40T B 114 YAverage Pracision Lt P
PPy s = 41 o T 1 [ GAR Rank SVMB A AL -
om e 2 i | 0,912 (o AR SVMIARA /“\».
amtl | | 0811+ g N
an | { 081+ e
# oo | 2 0809 &
E'-'-':"-'" - | EU.ESU&' »- s _
= . | =
g 0.80F | . S g 0.807 +
= <<
ey | L4 0.806 r
I B ¢ - | 0.805
B¢ F 0.804
£ B . ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ 0.803 L : : : : : :
0 002 ood 00d 008 OF 0 014 O G 02 05 055 06 0B5 07 075 08 085 09
b 1B hlenan 1 FAT I Minsup
Fig.4 Average precision of GAR-Rank-SVM and LAR-Rank-SVM on Yeast dataset
varies with Minsup and Minconf
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Fig.5 Average running time of different association rule algorithms on CAL-500 dataset
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5 : s ; S MDC-
FIM .
4 :MDC-FIM ,
GAR- MLC LAR-MLC ML-KNN,Rank-SVM,BP-MLL R
; ,LAR-MLC GAR-MLC.
,MDC-FIM
5
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