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Abstract

There are two methods proposed to address classification problems of imbalanced data.
First, we propose a method that has smaller parameter space and more performance
when using self-training. We train confidence thresholds for each classifier using
labeled data to identify high confident data, and label them pseudo labels for re-train.
Through this scheme we get less training time for parameters and get better
performance. Second, we proEﬂﬂLE&uﬁﬁgﬁgﬁﬁthod for imbalanced data.
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Training confidence threshold Crw, algorithm
Given:
Training folds L
Validation fold U
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Confidence threshold for training Cyun
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Threshold-based self-training algorithm
Given:
labeled data L
Unlabeled data U
Supervised classifier Cy, Cy, ......Cy
Confidence threshold Crni, Crhz, -.....CrHn

Loop
Train Cy, Cy, ...... Cn with L.
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AL+ cross-validation & pIzR3ER| 5 o B K AV % R o

4.3.3.% % ensemble-driven self training of multiple classifiers % % 4 table 3. :

U 30000 60000 94730(all)
AUC 90.40% 90.60% 90.99%

Table 2 performance of ensemble-driven self training of multiple classifiers for each
U’

S

5 | s e fRgs R L cross-validation s 2 iE g ik 3% nj
BIE_E 20 e fRe Tl & otk P AgRsemi hfic P 1%623/102294*|U°| > 1 ¥
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positive #f 7 HReE & UTRag 1170 7 5 SONETE 2Rl U @ IR end ke TR g
g

R R R R o

Isvm threshold | 1.4114 | 24114 | 34104 | 4411471754114 | 64114 | 7.4114 | 84114
AUC 79% | 78.80% | 78.10% | 78.10% f. 78:10%" 78.10% | 8% 78%

Table 3 cross-validation over labeled data for choosing confidence threshold of linear

SVM
wsvm threshold | 1.7458 | 2.7458 | 3.7458 | 4.7458 | 5.7458 | 6.7458 | 7.7458
AUC 78.30% | 78.10% 1 77.70% | 78.10% | 78.70% | 78.70% | 78.80%

Table 4 cross-validation over labeled data for choosing confidence threshold of RBF
SVM
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mdv ada threshold] 2.1943 | 3.1943 | 4.1943 | 5.1943 | 6.1943 | 7.1943 | 8.1943
AUC 78.40% | 78.70% | 78.70% | 78.70% 1 78.90% | 78.90% | 78.80%

Table 5 cross-validation over labeled data for choosing confidence threshold of mdv ada
boost
PRV LS TF %Y 0 & classifier & training data
cross-validation » #X #5245 cross-validation & % g B 5 o & K B~k I 8B+ 2+ 0
enBE K A B PIEE e 12+ entable 3,4,5 &~ B % & = B classifier fiE B-IEip 5o B

p# cross-validation e % - & {2\ 5 & AUC 2 &) z_ ! linear svm ~ weighted svm

4= mdv adaboost =7 confidence threshold 4 %5 14114, 7.7458, 6.1943 -

AT TR s PR v 0 R ERRE R 0 B R AR g A e

table 6
T i
merge policy lir|1ter { unipn vote
ABC D ARL o1.4% 83.40%

Table 6 pérformqn!ce-of algorithim 1 usin‘g_:_%rmerge policies
Merge policy 7 B~ < fk(inter) ~ B (union)fri5& (vote) &k bt fi o fie
ensemble-driven self training of multiple classifiers £ 7 0.5% = + > ‘* baseline &
H24% FEE A A BLAHEENF LA R FLnRIE > FRF IR
~ ensemble r‘j&é‘é Bl e o FIPL Y ELAREFNETE L E N TR

MCS I ¥ £ 7| = 6.4 1 B 5K /o

4.4 Approximate up-sampling from down-sampling
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44.1. Baseline table7.3e4%7 = A B * ¢ Fe TR P PATTTAPER o {75
# eE_RBF SVM - 4p ¥ linear SVM shiicf) 48 ~ adaboost - #ic4 48 » RBF SVM
FPRG RIS - [P BAS S F R SR G o #oie RBF SVM § S th

baseline ;T*L%Ltable 7.¢ ¢7508.8 #; o

classifier RBF SVM [linear SVMI adaboost

training time(see)} 75088 . 3 845.9
T [ = <
A =
'LJ 3 iir }&—j

ase cla er'gf;_- 1

jims
F o
I3 ;':-
L)

'!"Ta tralrﬁ ime o
el j' '
":‘i: 7 fﬂ Lep
4428 %% o A le V| %.«x‘—éﬂ%ﬁiﬁ fo— | pF
w J LR ]

DR B algg'rlthmA proximate #P%sdaaplisg fron down-sa pllng.ﬁ?ﬁﬁﬁiﬁéi?'}éﬁ

- P & L RB

-:‘l.i

L Ty
orithm Atpg}roximate

') & B

3 i —
l_ / tk\‘/.,‘;( K

RV ECE" Q‘h}i—mi)i

i .-I | .-|'\-,r. ' o
up-sampling frqm down-samp!ing. i -7 N ¥ TR &lnq‘_ﬂata Fooodex
r.._l_ 4 1 l'
false positive m:z% iferation k ; * F N pﬁ{.‘tg‘rnlng data } i
- :,;:, :%; 2N
cross-validation » ipl:& k *-37 fé-jﬁ’-‘a# RBF i%!‘d > i 4;"; foR TR £ Bde
e r;.
oo LR dF ek testlrﬁ'dﬁag?g:-hj{__jil.."
442 %% $RBFSVM 4§58 0 27 47 iterationk Bz &% 5 75 » &

3

t 3 ¥ labeled data + * 10 fold cross-validation i#|z& > * 4 § £ FHF T2 RF

=
=

- LG ITRIEETHR - L table8. :
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k 1 2 3 4 total data

AUC 69% | 73.10% | 75.20% | 75.80% | 6%

avg time(second) 1.4 969.5 4173.8 6969 5364
avgused data | 1120.4 | 29892.7 | 30971.5 | 30390.6 | 92064.6

Table 8 labeled data cross validation for choosing k

v k=3 pF > AUC 82 # #5f FORPFARL 2 i > e 25 fold T 3044 7 p [ 45
1 oMK R R 2L F L e F el F I ARETRAT A T #1)

LS i
k ) ¢ total data
AUC 87.10% 87.40%
time(Sceond) . 57057 7508'8
used ddta =, 10930 102294
fa—

| C— 7'|_ |
Table 9 result 0f RBF SV VI uéil@Tpt‘S'émpling and proposed method
| | ¥
k=3 p& » i@ * i%"???%}i;’ﬁ{z ;1_?;815 'g’::i_- | 0. 5% » B AR

0

\

B e B AR Ao (AT pwwzg;ﬁ{ se;ﬂ—mm (3 SES e

\E_ =

o L %P R TR e 2 P kR 0 3 PR

2 - Fo AL B2EF o) o duid fpm*{fﬁxﬁ}iklé * }_*"’K FLenl13 B > @

TR PRT R A E ROl R DG R AR RS

B 5T RN TRM - KL B RS FRE T ) TER Y 2

FRF L pF — 4% < patient-based up-sampling - negative point:positive patient = 1:860 >

F]#¢ & down-sampling FF e AUC 7 % > 7 i {6 Kobrbrig 1T * 2IRF L AUC -

Approximate up-sampling from down-sampling * #3" % pF fF 8 % 17 RBF SVM »&

L od3 o ANy v 2% 4 AdaBoost F oo T %k table 10,11 ¥ % * :& adaboost
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é’fj%\* EFL °

k 1 2 3 4 5 use all data
AUC 74.95% 1 75.80% | 76.90% 71% 71% 80%
ave time 8.1 103 198.8 289.6 386.8 757
ave used data] 1120.4 | 14233.6 | 14235.7 | 14236 14236 92064.6

Table 10 labeled data trained by adaboost cross validation for choosing k

k 4 all data
auc 79.70% 86.70%
time(sec) 23t 845.863
used data 14290 102294

Table 11 result ofsddaboost using Up=sampling and-proposed method
Adaoost 7 & & eress-validation = £n| i 1y FpRRig Srgn LS P AR ek
L @Rk G 07 B SVMEK ZIe e s Rl 20| e LR 7Y

BTN & G = Eé;_Jr}!’-Jﬂ- o f‘f*‘ i iR T 0 SR p TR BB oo
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