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CGene function analysis of semi-supervised multi-labd learning

CHEN Xiao-feng' , WAN G Shi-tong* , CAO Su-qun*?
(1. Shool of Information Technology , Jiangnan University , Wuxi 214122, China; 2. Department of Mechanical Engineering,
Huaiyin Institute of Technology, Huai’ an 223001 ,China)

Abstract :Conventional machine learning is used only for sngle label learning, implying that every sample
has only one label. However , in bioinformatics, a gene has more than one function, s it needs more than
one label. Therefore, multi-label learning is more effective for identifying gene groups than conventional
learning approach. Current research mainly focuses on supervised multi-label learning. The problem of &f-
fective semi-supervised multi-label learning strategiesfor labeled examples and unlabeled examples of gene
expresson datasets still remains unsolved. In thispaper, a semi-supervised multi-label learning agorithm,
named SML_SVM , is presented as an eff ective multi-label learner for analysis of gene expressons with at
least one function. First, the proposed SML _SVM agorithm trangorms the semi-supervised multi-label
learning into corresponding semi-supervised singlelabel learning by the PT4 method, then it labels unla
beled examples using the maximum a posteriori (MAP) principlein combination with the K-nearest neigh-
bor method, and finally, it solves the corresponding single-label learning problem usng SYM. The dis
tinctive characteristic of the proposed algorithmisits efficient integration of SV M-based sngle-label learn-
ing with MAP and K-nearest neighbor methods. Experimental results with a real Yeast gene expresson
dataset and a Genbase protein dataset show that the proposed SML_SVM algorithm outperforms the PT4-
based ML SYM method and self-training ML SV M.

Keywor ds :semi- supervised; multi-label ; self-training; support vector machine
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Table 2 Experimental results of yeast dataset

Sdf-training

SML_SVM SVM
MLSVM

HammingLoss! 024778+0011 02709+0010 04933+0015
RankingLoss! 02389+0015 026146+0017 049729+0 024
Oreeror! 028671+0029 0370770034 065649+0 037

Qoverage | T7775x040 7.8822+0411 106903+0512

Average Predsont 070081002 066140021 04359%+0 023

3 K
Table 3 Experimental results with different K

HammingLoss! 024622 0 24435 0 24443 024622 0 24445

RankingLoss! 023876 02468 024126 023878 Q24126
One-error | 02879 027699 027808 028791 Q 27809
Coverage | 76619 79073 77077 766191 7 70782

Average Predidont 0 70084 0 69647 0 7008 Q70085 Q 70080

K =3,Maxlter ,SML _SVM

4 K=3,Maxlter
Table 4 Expeimental results with different Maxlter when K=3

[teration 2 3 4 5 10

HammingLoss! Q24755 Q2477 Q24661 024624 0 24778

RankingLoss! 024125 024026 023918 023877 Q 2389
One-error | 030316 028353 028899 028791 (028571
Coverage | 76598 76816 76576 76621 77775

Average Preddont 0 69454 0 69967 0 70013 0 70083 0 70081
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Table 5 Protein family and itsfunctions
PDOC00064
PDOC00154
PDOC00224
PDOCO00343
PDOC00561
PDOC00662 DNA RNA
PDOC00670
PDOC00791
PDOC50007
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Table 6 Experimental results of genbase dataset

Slf-training

SML_SVM MLSVM
ML SVM
Hamm'ngL0$><lO'3l 5454512 4 64554+26 4686+259
RankingLoss><10'3L 444+36 84249+39 40682+%4
Oreerorx10°?,  31818+226 37771228 2050B+84

Coverage | 054091+0 0854 0 59187+0 09441 07159+0 34

Average Precisont 095989+0 0379 0 9289%6+0 4520 59565+ 0 043

7 K
Table 7 Experimental results with different K

K 2 4 5 6 7 8

HammingLossx10°31 61818 60455 61818 5445 6045 66%4

RankingLossx10°®1 6882 6341 6882 444 6341 7132

Oneerror x1072 | 44318 443045 44318 31818 27045 2809
Qoverage | 059773 057841 059773 058091 057841 060341
Average Predigon t 093665 094361 093665 093989 094361 0 9B65

8 K=3
Table 8 Experimental results with different when K=3

Iteration 2 3 4 5 10

Hamming Lossx10°% | 56364 56182 55501 54876 54545
Ranking Lossx10°° | 68354 60274 52113 44421 4 454
5012

One-error x10°2 | 47126 46654 45211 44315

Qoverage | 0590091 058341 05673 05488 054091

Average Precigont 093078 0 93869 0 9425 09434 0 95989

: SML _
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