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semi-supervised learning using multiple classifiers

SHUN KovyABU'® TAKENAO OHKAWA!

Abstract: Semi-supervised learning based on tentative label prediction is a useful technique for automatic
extraction of protein-protein interaction from litratures if enough training instances cannot be prepared. In
such a framework of semi-supervised learning, how we predict the correct labels is very important for accurate
extraction. In this paper, we propose a method of predicting tentative labels based on multiple classifiers
introducing two types of measures for evaluating each classifier, similarity among the classifiers and reliability
of the classifiers. As a result of experiment, the proposed method shows higher precision values for relatively
large dataset, in comparison with conventiional methods.
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(1) GerE binds to a site on one of these promoters, cotX,
that overlaps its -35 region.
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signal-transducing component of the IL-6 receptor.
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Fig. 1 General flow of proposed method
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Procedure : add unlabeled data to training set
1 for(k = 1..kmaz)

2 Train(C) with training set.

3 Ry = C.classify(S).

4  for(i=1..N)

5 e; = f(C;, C) or g(C;).

6 for(i=1.M)

7 label; = C.majority_decision(S;).

8 C = C; such that e; == max(e1 .. en).
9 if(label; == C.classify(S;) )

10 add S; with label; to training set.

11  if(Ry == Ry—_1 ) break;

02 0000000O00O00O0D0O0D0OO0DO0ODO
Fig. 2 Procedure for adding unlabeled data to training set
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41 0000
0000000000000000000000000
000000000002200000000000000
00000000000000000000000000
300000000LLLOHPRD500IEPAOOO [8] 00
00000000000000000000000000
000 Table 10000
000000000 Table2000 800000000
000000000000000000 WekaOODOODO
000000000 9o
0000 1: 00000000Baseline 10 0000
000000000000000000
0000 2: 00000000Baseline20 0000
000000000000000000000
0000 3: 0000000000 Baseline30 000
000000000000000000000000
000000000
0000 4: 000000000000 Proposed 10
32200000000000000000000
0000 5: 000000000000 Proposed 20
32300000000000000000000
000000000000000000000 kypee0D
200000000000004,500000000000
0000800000000 DDOOONNONONDNDNOOD
000000000000000000000000
O00000D0O00Table 1000000000000

01 000000

Table 1 Statistics on corpora

Corpus LLL HPRD50 IEPA
PPI pairs 164 163 335
All pairs 330 433 817

02 00000000000

Table 2 Learning methods for generating classifiers

Support Vector Machine(SVM)[10]
C4.5[11]
RotationForest(RotationF)[12]
KStar[13]
RandomForest(RandomF')[14]
CART15]

Decorate(Deco)[16]
AdaBoost(AB)[17]
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0 3 LLL: 0000, (Baseline 1)
Table 3 LLL: Experimental results(Baseline 1)

SVM  C45 RandomF RotationF CART KStar Deco  AB

F-Score  0.762  0.714 0.770 0.793 0.712 0764  0.764 0.731

Recall ~ 0.780 0.738 0.805 0.805 0.732 0780 0.811 0.744

Precision  0.744  0.691 0.737 0.781 0.694 0749 0723 0718

0 4 HPRD50: 0000, (Baseline 1)
Table 4 HPRD50: Experimental results (Baseline 1)

SVM C45 RandomF RotationF CART KStar Deco AB

F-Score  0.673  0.647 0.719 0.729 0.734  0.727  0.691 0.614

Recall ~ 0.669 0.607 0.730 0.736 0.755  0.791  0.699 0.577

Precision  0.677  0.692 0.708 0.723 0.715  0.672  0.683 0.657

0 5 IEPA: 0000, (Baseline 1)
Table 5 IEPA: Experimental results (Baseline 1)

SVM (€45 RandomF RotationF CART KStar Deco AB

F-Score  0.633  0.583 0.647 0.663 0.620  0.634 0.647 0.625

Recall ~ 0.615  0.481 0.633 0.636 0.624 0.687 0.636 0.636

Precision  0.652  0.742 0.663 0.692 0.617  0.588  0.659 0.614
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0 6 0OODO, (Baseline 2)
Table 6 Experiment results, (Baseline 2)

Corpus LLL HPRD50 IEPA

F-Score 0.794 0.722 0.645

Recall 0.811 0.693 0.582

Precision 0.778 0.751 0.722

Average F-Score of Beseline 1 0.751 0.692 0.632
Max F-score of Baseline 1 0.793 0.734 0.663

0 7 0OO0O, (Baseline 3)
Table 7 Experiment results, (Baseline 3)

Corpus LLL HPRD50 IEPA
F-Score 0.824 0.729 0.660
Recall 0.854 0.718 0.600
Precision 0.795 0.742 0.734
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0 8 0OOOO, (Proposed 1)
Table 8 Experiment results, (Proposed 1)

Corpus LLL HPRD50 IEPA
F-Score 0.819 0.730 0.663
Recall 0.841 0.712 0.603
Precision ~ 0.798 0.748 0.737

0 9 0000, (Proposed 2)
Table 9 Experiment results, (Proposed 2)

Corpus LLL HPRD50 IEPA
F-Score 0.819 0.738 0.669
Recall 0.841 0.724 0.615
Precision 0.798 0.751 0.733

010 LLL: O000OD0OD00ODO
Table 10 LLL: Summary of experiments

Corpus  Beseline 1  Baseline2 Baseline3 Proposed 1  Proposed 2
F-Score 0.751 0.794 0.824 0.819 0.819

Recall 0.774 0.811 0.854 0.841 0.841
Precision 0.730 0.778 0.795 0.798 0.798

0 11 HPRD50: 00000000
Table 11 HPRDA50: Summary of experiments

Corpus  Baselinel Baseline2 Baseline3 ~Proposed 1 ~ Proposed 2
F-Score 0.692 0.722 0.729 0.730 0.738
Recall 0.696 0.693 0.718 0.712 0.724
Precision 0.691 0.751 0.741 0.748 0.752
012 IEPA: 00000000
Table 12 IEPA: Summary of experiments

Corpus  Baselinel Baseline2 Baseline3 Proposed 1 ~ Proposed 2
F-Score 0.632 0.645 0.660 0.663 0.669
Recall 0.619 0.582 0.600 0.603 0.615
Precision 0.653 0.722 0.734 0.737 0.733

00 Precision 000000000000 O0OOLLLOO
ooo0o0o0IEPAODOOOOOOOOOOOOODOO
goboooooboocooooocoOobooooooboooo
goboooooooooboocOoobooOono
O00000000000000000 Table10O0120
O0OOO0OCOOOO000 10BaselineldOO0OOOOOODOO
oobooooooa
LLLOOOO0OOO0O0ooOoO0ooOOo00ooOo0ooOoo0ooOoon
O000D000000D00O00000 Precision0000O
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Table 13 Comparison between method and proposed method

Bui’s method LLL HPRD50 IEPA
F-Score 0.841 0.738 0.747
Recall 0.841 0.779 0.839
Precision 0.841 0.702 0.674
Proposed method LLL HPRD50 IEPA
F-Score 0.819 0.738 0.669
Recall 0.841 0.724 0.615

Precision 0.798 0.752 0.733

00000000000 000H”HPRDOODODOOODOOO
000000 20 Proposed 200000 00O OF O ORecalld
Precision 00000000000 OCIEPAOOODOODOO
O000000oDOo FOODODOOOODOODOOO
000000000 RecdlOODDOODODODOODOO
00D00D00000Baseline3a0 00000000 ODOO
O000oo0000pooooooooooooooooon
O0000000ooOoO0IEPAOODOOOODOOOOO
O0D0ODO0O0O0OLLLOODOD 0.75000HPRD500OO
oo0Do0690000000000DODOODOOODOOOO0.63
O000o0000pooooooooooooooooon
ooooooooooooooooooooooooon
ooo

oooooooooooooooooooooooon
Oo0o0oooooooooooooooooooooon
O00oU0o0oUoUD BwOOOO 00000000
00000 Table 130000

00000 BusOOOODODOOHPRDSOODOOODOO
0000000000000 0DO LLLOOOO, IEPA
O000Do0o0oo00oooo00oDoo0o0oo0ooo00OLLL
Ooooooooooooooooooooooooon
O0000oo0ooooooooooooooOon0 BuwiOO
0000000 0DOoO0ODOoODOoOIEPAODOOOOOO
Oo0o0ooooooooooooooooooooon
Oo00ooo000oooooDooooooooooooon
O000ooo0ooooooooooooooooooon
Oo0o0ooooooooooooooooooooon
0000000000000 000D0D00000OHPRD50
OO0O0O0OOIEPAOODOOODOOOODOPrecision 000
Bui0ODOOODOOOODO

5. 00O

oooooOooODOO pPIOOOOOOOCOOODOO
coooboooooocooboooooobocOooobooooo
cobOobooooooobOOobooooooOoboooooaoa
cooooooooocoobooooooOoboooobooooo
oooooooooooon

© 2012 Information Processing Society of Japan

Vol.2012-BIO-29 No.15
2012/6/28

goobooooobooooooooobooooooog
gooooooboooobooocoooooooooooo
goooooobooooooocoooooooobooooo
gobooooooooooooobooooooa

gooboooooooooooooooboooooog
goooooobooooooocoooooooobooooo
gooooooboooooooooooooooboooo
goooooobooooooocoooooooobooooo
gbooooobooboooboooogobooooooo
ooboooooooooooboocooboooOoooboooo
gobooooooooooooo

gooboooooboooooooobooooooa
oobooboooooocooboooooooooboOooo
oboooooboooooboooooooOooboOooo
oboooooboooooboooooooooboOooo
gobooboooboooooboooooooooobooooo
gooooooboooooboocoooooooboooo
uboooboooooboboboooooooboOooboooon
gooooooboooooboocoooooooboooo
goboobooooooooboooooooOooboooo
gobooocooooooboobooobodoo

gooo

1] OO0 O0OO,0000C000000O00O0OO0O0ODOCDOO
000,0000, pp. 187-189 (2007).

[2] 00 0000000000000, 00000Vvol. 40, No.
4, pp. 370-373 (1999).

[3] S. Abney, Semisupervised Learning for Computational
Linguistics, Chapman & Hall/CRC (2007).

[4] X. Zhu and A. B. Coldberg, Introduction to Semi-
Supervised Learning, Morgan & Claypool, pp. 36-37
(2009).

[5) R.Chowdhary, J.Zhang and J.S.Liu, Bayesian inference
of protein-protein interactions from biological literature,
Bioinfomatics, Vol.25, Issue. 12, pp. 1536-1542 (2009).

[6) Q. C. Bui, S. Katrenko and P. M. A. Sloot, A hybrid
approach to extract protein-protein interactions, Bioin-
fomatics, Vol. 27, Issue. 2, pp. 147-265 (2011).

[7]  The Stanford Natural Language Processing Group,
Stanford Parser,
o 0O O (http://nlp.stanford.edu/software/lex-
parser.shtml) (2011).

[8] S. Pyysalo et al,
Protein-protein interaction corpora,

000 (http://mars.cs.utu.fi/PPICorpora/GraphKernel.html)

[9] Machine Learning Group at University of Waikato,
Weka 8 :Data Mining Software in Java, O O O
(http://www.cs.waikato.ac.nz/ml/weka/)

[10] N. V. Vapnik, The Nature of Statistical Learning The-
ory, Springer (1995).

[11] R. Quinlan, C4.5: Programs for Machine Learning,
Morgan Kaufmann Publishers (1993).

[12] J. J. Rodriguez, L. I. Kuncheva and C. J. Alonso, Rota-
tion Forest:A New Classifier Ensemble Method, IEEE
Transactions On Pattern Analysis And Machine Intelli-
gence, Vol. 28, No. 10 (2006).



Vol.2012-BIO-29 No.15
gogoooooood 2012/6/28
IPSJ SIG Technical Report

[13] J. G. Cleary and L. E. Trigg, K*: An Instance-based
Learner Using an Entropic Distance Measure, Proceed-
ings of the 12th International Conference on Machine
learning, pp. 108-114 (1995).

[14] L. Breiman, Random Forests, Machine Learning Vol. 45,
No. 1, pp. 5-32 (2001).

[15] L. Breiman, J. H. Friedman, R. A. Olshen and C. J.
Stone, Classification and Regression Trees, Wadsworth
International Group, Belmont, California (1984).

[16] P. Melville and R. J. Mooney, Constructing diverse clas-
sifier ensembles using artificial training examples, Pro-
ceedings of the Seventeeth International Joint Confer-
ence on Artificial Intelligence, pp. 505-510 (2003).

[17] Y. Freund and R. E. Schapire, Ezperiments with a new
boosting algorithm, Proc International Conference on
Machine Learning, pp. 148-156 (1996).

© 2012 Information Processing Society of Japan 8



