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Automatic Text Categorization Using Hybrid Multiple Model Schemes
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ABSTRACT

Inductive learning and classification techniques have been employed in various research and
applications that organize textual data to solve the problem of information access. In this
study, we develop hybrid model combination methods which incorporate the concepts and
techniques for muitiple modeling algorithms to improve the accuracy of text classification, and
conduct experiments to evaluate the performances of proposed schemes, Boosted stacking, one
of the extended stacking schemes proposed in this study yields higher accuracy relative to the
conventional model combination methods and single classifiers.

FI9E: BAEE ZAEk: oSEY 85 hybrid multiple model, text dassification, multiple modeling
algorithm
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£50] gri(Lewis 1994).
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(¥ 1) Boosted Stacking €112|&

Model Generation :
For each of k algorithms:
Assign equal weight to each training instance
For each of t iterations
Apply the learning algorithm to weighted dataset and store resulting model
Compute error e of model on weighted dataset and store error
If e equals to zero, or e greater or equal to 0.5
Terminate model generation
For each instance in dataset
If instance classified correctly by model
Multiply weight of instance by e/(1-e)
Normalize weight of all instances
For each of t (or less) models
Assign weight of zero to all classes
Add -log(e/(1-e)) to weight of class predicted by model
Sum and store class probability distribution
Meta Data Generation :
For each instance in dataset
Generate meta data by combining class probability distribution
Meta-Level Model Generation :
Apply learning algorithm to meta data
Classification :
Apply a new instance to base-level models and the meta-level model
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5.1 &8 &4

A JAFY A7l wE AF ZelE A
Estua grh(Yang 1997). 4 B4
< olAYE S 7tEA ¥H ¥ AR &
et B4 7k 89 949 545 B4
At stk g ¢udES 9Y B
dofl ZAAE(C45), Nave Bayesian,
k-NN2, & ¥¢32E C458, Stack-

ingoll= 7|9t &<oll C4.59 Naive Bay-
esiang TEOZ ALy, dlEl gl
Decision Stump, C4.5, Naive Bayesian&
L3t A¥ES Linux SFAAE
7% Intel Pentium IV processor, 256MB
Sl @AM Fasgon giE

HE ETE Rainbowst WEKAE ©] 83t
Ao, T2 Adoj= JAVA, C& A
Rt

Agdole= MEDLINE %< 7]A}L
HAE EFL0E M8 F2 w29
g4 JEE ARt MEDLINE
gradolEjHlo] 2o FAITLEAN HHE
A4 A+ EFUolHE o&HE
OSHUMED+= FA4| #7380 Ao5o
Aol AF EFY FHdoHE HEA
Ggto g MeSH(Medical Subject Head-
ing) FAlo 7F2H ‘Mental Disorder’®]
&4 EFE doleuo|le Fo
ANE A3%Z OSHUMEDSE 3k 34
9] FH4E FEIHAT E D A¥
off AL&st E-ulolele] WyYolct,

5.2 Agl 21t H Wit

T 4518
2 g FH 1600 100G 137~1741
A FH4 0.66 * 6000 0.66 * 5000 0.66 * 4518
HAE FA 0.34 * 6000 0.34 * 5000 0.34 * 4518

*{alzheimer, anxiety, dementia, depression, memory, schizophrenia}
**{comp.graphics,comp.os.ms-windows.misc,comp.sys.ibm.pc. hardware.comp.sys.

mac.hardware,comp.windows.x}
kk *{

student, faculty,staff, department,course,project}
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(B3 =M &Ed

Kk-NN 74.30 75.80 74.62 75.21
ROkA) C45 77.03 7755 77.88 79.05

NB 76.97 89.88 81.33 69.49

o BagC4.5 79.90 79.77 82.56 8341
HERARE) BoostC4.5 7729 80,09 81.78 83.80
StackDS 52.37 51.01 53,03 51,59

T2 (Stacking) | StackC45 7859 77.90 82.50 79.12
StackNB 7938 78,66 82.30 7563

] o StackedBag 78.80 78.71 7851 78.71
B ST (P ) I edBoost | 7849 7778 7782 78.38
solBIT TR BaggedStack 80.15 7728 83.98 80.06
(Stacking) BoostedStack | 80.61 78.64 82.63 80.13

(3-a) MEDLINE 2M T

k-NN 96.94 91.94 89.47
guRy C45 97.29, 96.59 96.88 86.70

NB 97,65 66.65 97.06 70.00

e BagC4.5 97.35 97.18 9748 97.00
HeRd(FE) BoostCA.5 97.41 9718 97.76 97.41
StackDS 3894 38.88 39,00 33.88

t}% 529 (Stacking) | StackC45 97,65 96.65 97,52 96.71
StackNB 97.82 96.71 98,00 96.79

] e StackedBag 97.38 96.94 97.38 97.00
SARAEAT(FE) I odBoost | 9742 97.32 97.42 96.92
sho| Mgl T b BaggedStack 97 40 97.08 9750 9750
(Stacking) BoostedStack 97.48 97.26 97 40 97.08

(3-b) "=UwL BM HE

Fehr BAe Rol¥ §
AR Cx, yyeX dated 2R 23
Rgwolth 4 (12)% 2ol Y=g

()
2

B Bhle R@ Aol ta BF A
38 2qee Zolnh AEF AT

V. Zet2 2 A% V. X=VxY=



so|HeE tFEY Ig71YE o
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A

M

& A5 £

k-NN 74.30 75.80 7462 75.21

gdrg C45 77.03 7755 77.88 79.05

NB 76.97 69.88 81.33 £9.49

[ BagC45b 79.90 79.77 82.56 8341

HEEA(TE) BoostC4.5 77.29 80.09 81.78 83.80

: StackDS 52.37 51.01 53.03 51.59

‘ (?ﬁiﬁfug) StackC4.5 78.59 7790 82.50 79.12

StackNB 79.38 78.66 82.30 75.63

soluglcoiz | StackedBag 78.80 7871 7851 78.71

(F3) StackedBoost | 7849 7178 77.82 78.38

S BaggedStack |  80.15 7729 83.98 80.06

o5 (Stacking) BoostedStack 80.61 78.84 82.63 80.13

(3-c) 8 2M T
37t Aesg ARgd. £77 £F% €2 z
Z7 A A ds 1058 22 45
acc=Pr(C(v) = y) (12) & AR B AEEE= ¥ 37 2

B Ao es 74 EdY old EQ

o] ¥+ FHA/ 5T EPF A Hol ARtFo R 7hEA FEYEY §
Aol W3t EF/NE HALHAET o, S & B5s Btk EAM 54 "'-’?’*’SZ}
dutstg S o JdEE A52E 95 50 WA 25078 AtelelA 54 Hee 2
A 8% (predictive accuracy)?l  Zolth 719 @& % AAole wuEgn. FA
2d AR #FHL FAR A F A5 AT E EF AEEE & UAE HAE
el RY 272N QaHE, F, Al g Azt 5 F2U w29 S F
Z7 X 3 AANE &2 7l AHod A FEAJo] 2 HAFH HELAAL B
&4 g5E FAHEY HA =Y o] £¥d Ao] g9og Add} A%
ojt}, o] & Decision Stump(StackDC)E ™|
gutzog B grEY 45e B} SE7E AN B g2 v
2R Bd9y w3 AFE e S8 Aoz ved dE U= 5
gou & AFME ©dYd BY &R YA ES o) &3t Aol EFEF F
Ng s F3Y AAVELE st9 A e HoFEnh A% 22 d¥EHE
2F%9 0% 29 ¥F71E 5 £F ZF5¥E HBgatel(StackDS #e)) A&
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