[APTARANAARRE

RRPA85122550 ( 4. P)

THRBAEMHZZE e AR EARRE
R WA SR IR IE R AR A & Sy 2 AR

A Study on Automatic Document Classification by
Using Neural Networks
3+ £ 438 : NSC 86-2213-E-032-003
HATHAMR 85 £ 8 A 1 BE 8647 A 31 B
FRAEIOE KLKZHF LA (E-mail horng@cs.tku.edu.tw)
AR EHFA FEE KL RKLFLAR (E-mail micro@ecs.tku.edu.tw)

—~ PXHE

AMESHEN ARV EEBYERE
BiA REVXHHNESRMRD > K
BEHIXHEGHEGBE - EAFE
J v BB ACM Computing Reviews &)
SRR AT BROKRE - AR ZHAL
WA T 56 PR - 6424 BEHXARR
REM - BUREPHBxRBHREHE
BXHOER  BREFF L2 —BRRE
Mo RERAIREH - AT R AN
FAERXBEFY  LHEEHHE AHEE
AP ERAASE - BEX - BEHHER
ERA S EMXHERRE—HAXEF-
A EE R T - LEH T 1146 AR
423 - ARV T K 26 BAK
$ R RS2 0 ARERT 5755 B
HME  RABMAXMHET  F 6 ERAR
RAEFT 4L - 2 HTF 637 B > sbBH M
TERAZEN - ARV EEBGTRT
Bl BMNERTEHARABNELESE
Bl - HERER ML AaEg
wMprm o NRERZDEA 70.7% 5 B
REHME 571% £E2ETQERLERS
@ UMREMNZEEY 869% ARG
B 50.5% < sboh » HMLETE TH KB
E2EA - EHRX - o Hamill 528 2
A A - BRERET H B EEB Y
BEREN LS ER T E -

Mets - Bivaewn el F
AR E

Abstract

This project uses the powerful learning
capability of artificial neural networks to
learn the intrinsic classification rules for
categorizing documents automatically. In this
research, the classification system of ACM
Computing Reviews is based on. Totally
6424 papers, including 56 classes, are
collected from it. The title and its source of
each paper are used as its document profile.
Among the collected papers, 10% of them
are used as test data, and the remaining are
used as training data. Before experiments, the
stemming process is performed for all papers,
including plurals, past tenses, and gerunds.
There are 1146 keywords selected from the
training data. Documents without any
keywords are deleted. The training data and
test data remain 5755 and 637 papers,
respectively, wused for the following
experiments. Two network models, back-
propagation networks (BP) and learning
vector quantization networks (LVQ), are
performed for document classification. The
experiment results show that in BP, the recall
rates of training data and test data are 70.7%
and 57.1%, respectively; in LVQ, they are
86.9% and 50.5%, respectively. Finally, we
also perform the experiments of traditional
probability model, vector space model, and
Hamill’s method to obtain the results for
comparison with neural network models. The
experimental results indicate that necural
networks for document classification are ail
superior to traditional methods.
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