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Abstract: Inrecent years, there have been extensive studies and rapid progresses in automatic text categorization,
which is one of the hotspots and key techniques in the information retrieval and data mining field. Highlighting the
state-of-art challenging issues and research trends for content information processing of Internet and other complex
applications, this paper presents a survey on the up-to-date development in text categorization based on machine
learning, including model, algorithm and evaluation. It is pointed out that problems such as nonlinearity, skewed
data distribution, labeling bottleneck, hierarchical categorization, scalability of algorithms and categorization of
Web pages are the key problems to the study of text categorization. Possible solutions to these problems are also
discussed respectively. Finally, some future directions of research are given.
Key words: automatic text categorization; machine learning; dimensionality reduction; kernel method; unlabeled
data set; skewed data set; hierarchical categorization; large-scale text categorization; Web page
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, , (decision optimization) (coverage
optimization) ,
, , ( MV(majority voting),W
(weighted)MV ~ WLC (weighted linear combination) %4°), :Bennett
(reliability indicator); 4%y
Zhang SVM  Rocchio , Rocchio ,
: 42,
, : ( WMV )
Bagging Boosting (43 Boosting , ,
SVM ,AdaBoostMH  AdaBoost.MR a4,

Table1l Propertiesand effectiveness for most of the categorization models or methods

1
Model or method Exa’:"nﬁ'fafena't;?g;hm o IcrR HD |Bi |Best rept eff. Remark
Probabilistic Naive Bayes (NB) v 0.773 Easy, highly depend on data distribution
Demsu'm' tree (DT) |ID3, C4.5, CART | AR, 0.794 Often used as base-lines, relatively weak
Decision rule DL-ESC, SCAR, Ripper, Swap-1 AR 0.823
Regression LLSF, LR, RRI*? Vv 0.849  [Effective but computing costly
Lines Onlene Wlnno_w, Wi n(_jrow-Hoff, etc. v 0.822 \Weaker but simple and efficient
Centroid-Based |[Rocchio (and it's enhancements) | v 0.799
Neural networks  |Perceptron, Classi, Nnet v 0.838 Not widely used TC
Instance-Based k-NN v 0.856 Inefficient in online classification
SVM SVM"M | ibSyMI4e4T) VoV 0.920  [State of arts effectiveness
Ensemble learning MV, Bagging v N/A Not W_i dely used and test.ed yet
WLC, DCS, ACC, adaboost v 0.878 Boosting methods effective and popular
E ) STRIVE“Y Vv 0.875  (Complex in classifier construction
nsemble learning - ) - .
SVM with Rocchio ensemble*? v +0.019*  [*Improvement in a small Chinese corpus
Maximum entropy  [Li. KAZAMA[334 v 0.845  |Effective but not widely used
Fuzzy Liu, Widyantoro®®=®! Vv 0.892*  [Only accuracy reported
Term prob. distri.  [KLD based™ Vv 0.671*  [*Better than Rocchio in the same test
Bidimensional  |Heuristic approach'® v oV 0.871  |Not extensively confirmed
MD and ER based  |[SECTILE?® Y >0.950¢ | Only tested in a Chinese corpus,
estimated
Wu's Refinement  |Rocchio/NB refined!? v 0.9/0.926 |A little complex in training
Tsay'srefinement  [Rocchio refined™® v +0.018*  [*Improvement, a Chinese corpus
Gener. instance set  |GIS-R GIE-WET Vv 0.860  [Moreefficient than k-NN in testing
Dragpushing RCC, RNBI?"*! v 0.859  |Easy and computationally efficient
Linear discri. proj. [SIMPL[?4 v oY >0.880*  [*Estimated form reported data
LS kernel“®! With SVM v oV 0.903  [Need expensive matrix processing
Word seq. kernel!*?  |With SVM v oV 0.915  (Complex and time spending in training
String kernel™*  |with SVM v oY 0.861*  [*Estimated form reported data
1 ; ; class ranking (
); hard-decision ( );
(binary) ( , +1);  (reuters-21578 ) ( BEP,F,
: ; ); 1 (1
Reuters-21578 ( ) ( BEP,F,
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(active) ( 3),
Table3 Effectiveness of some learning-from-unlabeled methods
3
M ethod/Competitor Data set L abel ed/ Unlabeled Effecti_veness/ Remark
Training set Effectiveness
20/20 10000 ~0.36/0.21 i
20NG Accur, estimated
167) ~ acy,
EM/NB 500/500 10000 ~0.66/0.54 from figufes
WebKB 4/4 2500 ~0.55/0.39
(8] 9/9 3957 0.624/0.572 Macro-Average BEP
TSVM/SVM Ohsumed 120/120 10000 0.535/0.486 5
TBoosting/Boosting!™ RWCP 100/100 1000 0.602/0.479 Macro-Average F1
Accuracy, comparin
Co-Train with SVm[™ N/A 99 1200 ~0.62/0.77 Witﬁ' stam,% 9
Active Learn/Inactivé™ |  Reuters-21578 22122 978 ~0.46/0.69 Average BEP
2.4
; , , (flat)
3 Web )
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; "1 gun
[77-79]
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[ Huang Web LiveClassifer!®2.
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25
.Yang
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2.6 Web
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