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Automatic Document Classification Using
Multiple Classifier Systems

In-Cheol Kim"

ABSTRACT

Combining multiple classifiers to obtain improved performance over the individual classifier has been a widely used technique. The task of
constructing a multiple classifier system(MCS) contains two different issues : how to generate a diverse set of base-level classifiers and how
to combine their predictions. In this paper, we review the characteristics of existing multiple classifier systems : Bagging, Boosting, and Stacking.
For document classification, we propose new MCSs such as Stacked Bagging, Stacked Boosting, Bagged Stacking, Boosted Stacking. These
MCSs are a sort of hybrid MCSs that combine advantages of existing MCSs such as Bagging, Boosting, and Stacking. We conducted some
experiments of document classification to evaluate the performances of the proposed schemes on MEDLINE, Usenet news, and Web document
collections. The result of experiments demonstrate the superiority of our hybrid MCSs over the existing ones.

IINE : BM BM(Document Classification), LIS #M7| AlAH (Multipie Classifier System), HEH #&7|(Meta Classifier)
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Bootstrap sampling
(different datasets)
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Single dataset

Algorithm-1 Algorithm-2 Algodthm-n

Classifier-2 Classifier-n

Meta data

Meta aigorithm

Meta classifier
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Bootstrap sampling
(different datasets)

Algorithm-1 Algorithm-1

Algorithm-1

Meta data

Meta algorithm

Meta classifier

(22! 4) Stacked Boosting

4.2 Bagged Stacking®} Boosted Stacking

71%9] ¢4 Stacking2 719t EH7|E9 B4&
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Algorithm-t

e Classifier-n

Meta data

Meata algorithm

Meta classifier

(12! 5) Boosted Stacking

(¥ 1) Boosted Stacking &¥12|&

Base ClassifierGeneration :
Assign equal weight to each training instance
For each of k iterations
Apply the k-th base learning algorithm to weighted
dataset and store the resulting base classifier
Compute error ¢ of model on weighted dataset and
store error
If e equals to zeroor e greater or equal to 0.5
Terminate classifier generation
For each instance in dataset
If instance classified correctly by classifier
Multiply weight of instance by e/(1-e)
Normalize weight of all instances

Meta Data Generation :
For each instance in dataset
For each of k iterations
Apply the k-th base classifier to predict the class
probability of the instance
Generatea meta data by combining class probabilities from
the base classifiers

Meta ClassifierGeneration :
Apply the meta learning algorithm to the meta dataset and
store the resulting meta classifier

Classification :

For each of k iterations

Apply the k-th base classifier to predict the class
probability of the new instance

Generate a test data for the meta classifier by combining k
predictions of the base classifiers

Return the class predicted by the meta classifier

7k BRVIES AAE de 47 &5 FE2EY 32
%Y (bootstrap sampling)®} 7}53 HE E"fB qE F
Z Y (weighted bootstrap sampling)& Z&3l9 Mz &
Fd vl IFES FESL o719 AME P& g5 ¢
RYFEE F L AT VI EFNES 488 d=

OHE 2F71 AI2"EE 0|88 U8 BM ER 551

71 AAYE de EE F8 shue vg EFVIE A
Aeta o] A o] ot oJYA FomM It E{HIIES
A%E 98 viet d5& ol &3dte 7I€ Stacking®] g3l
&9 vloly e HEHE o]&3l= Bagging® Boo-

stingd #d& ¢# 4 o <# 1> 299 Boosted
Stacking® ¢18&& Yehla ok

5 4 #

51 A" MA

2 dFdAE A £F 4¥€& F3to Bagging, Boo-
sting, Satcking® #£& 71& 0% 57 A2dEd oA
A o+3t Stacked Bagging, Stacked Boosting, Bagged
Stacking, Boosted Stacking 5 M2E ThF E7F7] Al=9
o BR Aed vas) Ben sk E o] Bk o
g g daEFel tE BH7 ALHEY BEF A%
o™ Y& Fv A% A BAIRe D 3 olg #
< AYEANE G H £ dFeA = MEDLINE &
& 71AL #F2J F2(Usenet news) 71AL, 281 @ &
M EE AEE FA JFER AR OSHUMEDE
MEDLINE &hgulolEjHlo] 2ol A Hugh EX3FozA A
BN A7 FFdeoldR o4 oy FA4 &I
Ho| Aol 9lo AF /K FH dlolHE HghA ¢
itk webA B A gl A s MeSH(Medical Subject Head-
ing) Ao} 7% 8 ‘Mental Disorder'®] 3%l E2& MED-
LINE dlo]efue] 2o A3 A9Jste] OSHUMEDY 3
Ao Fd A4 ARE Fu3H 2 w2 EHE
< 59 FHAFEH #E FAGHLRFEH A doHES
gradrk §) EA4Y BE 2 AY nlx dig dadskn
Zdo|A A FAEE R EAYHFS ol &3d ¢
2 2 Ado) A FH EA A 9@ AA Uy
|

o

&

* MEDLINE #X 3 &
Zh2 AF =6
{alzheimer, anxiety, dementia, depression, memory, schizophrenia}
22 7 FA4 5 = 1,000
F A 7= 6000
FH A = 066 %6000
H2E #4 F = 034 <6000
o F2d F2 EARY
Fex AF =5
{comp.graphics, comp.os.ms-windows.misc, comp.sys.ibm.pc.hardware,
comp.sys.mac.hardware, comp.windows.x}
g~ 7 EN F = 1,000
A4 £ = 5000
FH FA4 F = 066x5000
HAE 4 $= 034 %5000
o PEA JE

Fhz AF =6

ofj

{student, faculty, staff, department, course, project}
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2ds g B 4

student : 1,641, faculty : 1,124, staff : 137, department : 182,
course : 930, project : 504

F ¥4 & = 4H181

Fd &4 = 066 x4518

HAE A £ = 034x4518

(B 2 M HEgd 2

=R/7I1E2

Hs(B8x %)

A 2Eg A A3 BA AREZRE 7 oy
A FE5IIG, Information Gain)e 7]1F28 EHES

o
i

10007 Aeste] 71Ex wWE ndg T2y Ay
of AHEE gy duYFELS U 2k dd 2/ A
Aol = k-NN, C45, Nave Bayesian(NB)E< 7ztz} 2438}

931, Bagging®} Boosting, 181 Stacking 5 t& &&F
71N &€ 7)ut d<5o] C45¢% Nave Bayesian(NB)E 3
3t WE dEolE C45 Nave Bayesian(NB) & 3
£33l Bl A4¥L Linux £9AAE %3 Intel Pen-
tium IV processor, 206MB 3t=o] &4 F3 A,
A4¥E 948 &4 b5 E77] AN2EES WEKA go|ry
21518 71%2 Java Z2IHF dol2 FHAT

52 A8 #xt
AZel ALR-E A A
#7159 e
2o BiAM 74 b9

R EA AY 47 og &
g AL &2 vEd Aol <E 2>9
TR7IA 2 A gd g dad
255 Yehly) A 7|6k Y aeE(base learner)
BZ, Wl stgdud]E(meta learner)> MOE HAISHR
o Ad AFE AHEE HA EFRIIEY HdEol £4
Aol el & BAE Bg+=d MEDLINEY} ¢ 2AM3%
o] AYE BF Ay & 710~80% do] HFEE Wb
2y fr2 BAYEE BE EHVI7F 91%7 de =
2 =2y w2 ENEY
ol vE ZH FAVIARES] FAl
A WFog FEgch
°ﬂ"1“ 25| 7]%3 Naive Bayesian ¥
A7 A AR BA ARE BRAM M & A
ot AAH o dd EFVIE vl& 71EY tF
71N "], E V]|E
wioA Agtat &89
B} ojep e
%l—t—tﬂ <& >e

B =
T

o,

e
oA koo

Shd

oox oy 4> b dr v

2R7N2YE] o e 4

off

wss) Generdli Document collections
hin neralizers
" MEDLINE |UsenetNews| Web
k-NN 6377 9721 7573
Tl
E_%‘i] 45 7298 97.12 7931
\B 7357 97.29 8178
Bagging(B : C45) 7401 97.12 8185
qﬂfﬂ ) | Beeaing(® : NB) 417 g | s
(;;;;g; Boosting(B : C45) | 7448 98.06 8302
Boosting(B : NB) 74.66 98.06 33.19
72 | StackingM:C45) | 749 97.8 83.19
G A7)
(stacking) | Stacking(M : NB) 7421 9776 8298
StackedBagging
B a5 s | P8 9816 326
fga?gd?af/lgl,”im 7466 %818 8285
',Slga?l;?gBﬁg_“éi 5 | ST 9816 8439
4 :
}FEF7] (Sga f:lﬁgBﬁ%l;%) 407 o148 | 8324
(extended -~ kedi% ”
bagging/ cHecbioosting
b ogfﬁnni) B ois M cag | 12 9849 8394
f‘gaqadg‘x’MSt?“ﬁ,B) 7585 836 8321
(Séa:cﬁgB”\‘d’S:“&% 5 | ®’7M | %05
l,SgaF‘i}ﬁBf\’zs_“;‘I%) 5.9 ®o | 19
?&g,gabg)‘m“g 7703 856 8693
33 BaggedStacking
AL e 7629 9858 8522
(extended | BoostedStacking
stacking) | (1 : 015 7907 BE2 87.02
?&"?i’%g)mk’“g 7829 962 86,61
(B 3 277 Y Hoys(HEx %)
2 F 7 MEDLINE Usenet Web
v #7571
(-NN, C45, NBel By | 01 921 8%
ED) Bagging 74.09 97.23 82.21
=53 Boosting 7457 98.06 83.11
2571 [ Stacking 7460 97.82 8309
StackedBagging 74.70 98.00 83.44
Ef}' StackedBoosting |  76.03 98.43 8B
wey | BaggedStacking | 7666 9857 86.08
BoostedStacking 78.68 98.62 86.82
T Autx oz dE 857]E o]&F ERUIEY BH R
FE H @ And, FUG e uPZozyY
o1z FHAR 5715 (homogenous classifiers)e] &l




T, MZ 02 g% duFEZRE Aoz ojEdFe &
#7]1 S (heterogenous classifiers)?} 3o 2% 37} &
Aoz vesth A 47 A2 o]dH g dm
%l k-NN, C45, Naive Bayesian® 343t oo 2§
o " ol&g wel dFor ZFHE Stackingo]
& 45 BY ¥ opJg, 549F ey 5}'& oFirg]
2 &3l Bagging® Boostingdl H8] o5& wEg} &
Z 83§ StackedBagging # StackedBoost1r1g°] Z}z}
g g Btk E Ao o] &8 e 5715
e AE& v B, Naive Bayesianol B3] C457F A
o RE A9 o] #2 4%g 2k & 7R Fuae A
AL <E 2>9 Ad Adole YehllAl E3%oy Decision
Stump(StackDC)¢F 22 @& 459 ¢ dudEe n
E} 72 ol &3 A4
7]235} o e A%

X

o) rlo
ue aN

|o tio i

ooy ooy &

FH, & =FAA ARt EFY 0F E2F7 AxdE
7k 2% AeE WusRE, Stackingg 43 Bagged
Stacking® Boosted Stacking®] Bagging® Boostingg &
%43 Stacked Bagging®} Stacked Boosting B.t} Al¥o] =
A Jetsth o] ¥ thE &77] 31k oy 24y
T 719 grggagEel ae|oelt}, & StackedBagging
StackedBoosting& EF i}l T3 7)€k & oz
&Rhg o] &&= e, BaggedStacking® BoostedStack-
ing MEZ t& 7V g GueFES ol &tk waky
7l 3 4nFEY HIHEL olfde EFE

277150l 194 4R 93 ERARA U4 0 $08

Asg 8o Aoz A¥T + vk ol AN 4D 9F
BR7) A2E FAAE £d dolHY B, x o
nelEe WY, 1T g 4E7AA o BFE o8
31 Boosted Stacking®] 73 3 Holm ¥ 4%e 2
o Fgitt

6.4 &

 wEdAMe #A 2FE 9% MEE 05 BEF7) A
2"1E52l Stacked Bagging, Stacked Boosting, Bagged
Stacking, Boosted StackingE-& A|¢t3lt} o] 52 Bagg-
ing, Boosting, Stacking® & 7|& oF £F7) A2dE
o FHEE AT 4dFY EFY UF BEFV A2€E
ojt}. B =Fd A= MEDLINE, "Li RIAN R
o EMFEE o8 A BF HHEL ANy A=
& ‘4‘? TR A=dkEY] HEs %7}3}&’14 I ol
AY 4F4E B8 ARl A EEY OF BF) A

r°"

OE EF71 AMAHE 0188 XIE& 2M 25 553
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el dutzoz 7|E A2HERY $58 H5E &
Oe AL st E3E oF £F57 ANxgEL
A v g aFeAR A% g AR grot F
Al HE 8 BoEdAME o Higo] APIE Aoz
ddrt,
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