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Reinforcement Method for Automated Text Classification
using Post-processing and Training with Definition Criteria
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- Seung Soo Park™
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Automated text categorization is to classify free text documents into predefined categories automatically and whose main goals is to reduce
considerable manual process required to the task. The researches to improving the text categorization performance(efficiency) in recent years,
focused on enhancing existing classification models and algorithms itself, but, whose range had been limited by feature based statistical methodology.

In this paper, we propose RTPost system of different style from any traditional method, which takes fault tolerant system approach and
data mining strategy. The 2 important parts of RTPost system are reinforcement training and post-processing part. First, the main point
of training method deals with the problem of defining category to be classified before selecting training sample documents. And
post-processing method deals with the problem of assigning category, not performance of classification algorithms.

In experiments, we applied our system to documents getting low classification accuracy which were laid on a decision boundary
nearby. Through the experiments, we shows that our system has high accuracy and stability in actual conditions. It wholly did not depend
on some variables which are important influence to classification power such as number of training documents, selection problem and
performance of classification algorithms. In addition, we can expect self learning effect which decrease the training cost and increase the

training power with employing active learning advantage.

Key Words : Automated Text Categorization(classification), Active Learning, Self Learning, Hierarchical Classification, Text

Mining, Data Mining, Fault Detection
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(B 1) FEFSIAEL FRAIEM & EMEETE

Input : Document D;, Candidate category list Linormalized and resorted by
descend order

Stepl : for i= 0 to N(= number of input documents) { # = ?| 2 &4 Dol
EL

If (D = min_support) && ((L;"score > min_value) || (L, score -
L7 score = diff value)) then
assignDito L' # A& BHE st A9h&g2og
23

else
assign D; to X # U453 X ©. 2 mark

H

Step2 : for n=0 to N (= number of unassigned documents in stepl) { #
stepl ol 4| X 2 mark¥l ¥4 Dol i3l
for n=0 to N (= number of target category) {
Calculate distance of category between P, cn
Dist(P.c:)=Y RD(P.c, )*w,,
}
assign D; to more closer side c,

}
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HHMI TH2l 2ME 0IBS NSSMERS N53Y LY 817

ol g wFde ol 159 #Foz AAHF o=
A7 AlZE(confidence)®] 2lule] st 2
4 sl #1914 min_support, min_value, diff valuet® =%
ALE2 7 Aot Fetuleoln Ak (cutoff value)®] €]
& e ol#d 7t dF FAEL HA FrFgEx
E Lo 2xg3 Ao wel 25 Aol wiga st

3.2.2step 2: TR EJE peo} EFFHEZIe] Az (distance)
Albel o3 B4
step 1ol4e] X2 &H9 vAFZME didez $F13
22 AE Lo FEHEE 7Aetst 43 A elth o
o, Lol A 71 52 49 AAREQ] X, F, JHEFZE
Pt 2t 2835 C,29 &9 aHdistance)E A 2bstA ®o
ol AALTE d gLy AAFFE A o
RD(P.cy ) = P cu® #HAAE omsle] QA & 7

$= 101k,

Dist(P, c:) =) RD(P,c,y )* w, @)
ck € Li ® list of candidate category
m= rank order of cu
A @A 2L 2§ AVFR7eE Fatel Auso,
2IH4E o4 AFA FF wn AEFE olfE 2o

£AA%E 7HA A9 nede dng o) Agln)

w, =log (Jm +a)) :weight in rank of cu (3)
a: control parameter

AsSign:  Min ={ Dist(P, c.)} (4)

L 1 2 3 4 5
o} (Wa=0.02) (wy=10.15) Wy =0.25) (w, =031} (w,=035) ke Step1 Step2 | Assign | Actual Class
I ’ - | c

2 |G, B39 C, C, C.

3 X, | .29 c, c, c,

4 X, | .28 c, C, C,

Pivot category

(28 6) E2&=2|AE(candidate category list)2| x| M1 02 E82(pivot
category)-SEE=7te| Ha|2Mof| 28t X1 o
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i IO
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v v v v
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o A2} §:Good(di) YHEA d 7} AAFL 2 F&
o Aoz $A BHEW RTPost Aladol o

Al
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2 A7 dEs Y8 dHolAl EF (retinoblastoma,
RB)o| #3 A ES24, RB E& ‘pr 9 #HHE
X 83t= PubMed abstract 248 438kt o] Ao A
Rb® #Fd5 = °1L 2H(diseace,cancer), Ml X (cell line),
93 (protein), f7 AH(gene), mRNA, -ErH] (ion)s 9 t}
g Ay Yt} retinoblastoma I AARE u«]
Fholw FHoR o B 2AHORRE wrEAA
oulgy] gt} &3] Rb#ta £

o] welatt FA4, F& BN
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(1) P130 1 mediates TGF-beta-induced cell-cycle arrest inn
Rb mutant HT-3 cells. (gene)

(2) The INKd4alpha/ARF locus encodes pl4(ARF) and
pl6(INK4alpha), that function to arrest the cell cycle through
the p53 and RB pathways, respectively. (protein)

(3) Many tumor types are associated with genetic changes in
the retinoblastoma pathway, leading to hyperactivation of
cyclin-dependent kinases and incorrect progression through
the cell cycle. (disease,cancer)

(4) The Y79 and WERI-Rb1 retinoblastomacells, as well as
MCF7 breast cancer epithelial cells, all of which express
T-channel current and mRNA for T-channel subunits, is
inhibited by pimozide and mibefradil with IC(50)= 8 and 5
microM for pimozide and mibefradil, respectively). (cell line)
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o3ty aixe ohF ol @Y dolgs 77t Aty
Bofok 5lm] o|uj, RB gene, RB proteind ¥ 3% %<
Afolle olsiste d W& AlzkHEo] B4 "t

ol HAAA AAAR Y LEZA AR} BES vlo]o
ANEE 2 ok X o] A HAl(entity annotation) 27}
dZd=o] siAsfor & 71 v)1EH e At Ao, A
& FHOE @ 7|EY SR vz A At

4.1.2 4% a2 84
RB #d% 4% 4t @) §82HG), HD)A #
B BAE 2524 A 357 7

o) webA M ZExFE C={l others}E A

against-one)?] ¥R & FHdE ol A& ot B g
M o] Al e Tl tEA, BANES A SHIH
S F R #5889 S={P1,P2, X1,G1,G2, X2, D1,D2}E A
o3tgirt. o] o, A7 FxaEuivt 6004 F300719
FEAME AMEES A, AAghS #3200/ 9] HAEEAME
EE3td F 2000708 AR A@strh AAghe] Eld
200718 HAERAME FoAA AA9 Wkt Bopa B
7 #AY Ulgo] Bog FAES FHOE Y,
o9 FTHIY2EE FEA H7MA AZFdlolH(validation
data)® o] &3t L FEMEEAA ZAT 5 9
T 2HFERES QLS HEs] 8 geasR FE3A
u RAGE 4] °¥10%€ F7)ste] o) Ao} vlwEtATH.
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>
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(Neural Network)% A
A7) 93 222712 min_support= 100(bytes) min_value=0.6,
diff_value=02% At 281 FEE9 HAAZE 052
s e w=dS Faste AE BAE A

=] =
58 g5 9 A%gE 74 SeEA AF
B A5 A | &a FEE %
(@) g5 | 35X | £4 (F 10%) (300, 318)
. P1 30 5
P(protein) w o I 60(36)
X1 60 0 60
Gl 30 3
Glgene) S 20 3 60(36)
X2 60 0 60
D(disease,c DI 30 6
anse) D2 30 0 60(36)
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