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KEHD categories
(#train, #test)

« Earn (2877, 1087)
 Acquisitions (1650, 179)
* Money-fx (538, 179)
 Grain (433, 149)

« Crude (389, 189)

« Trade (369,119)

« Interest (347, 131)
 Ship (197, 89)

« Wheat (212, 71)

« Corn (182, 56)

Reuters Text Categorization data set
(Reuters-21578) document 4

<REUTERS TOPICS="YES" LEWISSPLIT="TRAIN" CGISPLIT="TRAINING-SET" OLDID="12981"
NEWID="798">

<DATE> 2-MAR-1987 16:51:43.42</DATE>

<TOPICS><D=>livestock</D><D>hog</D></TOPICS>

<TITLE>AMERICAN PORK CONGRESS KICKS OFF TOMORROW</TITLE>

<DATELINE> CHICAGO, March 2 - </DATELINE><BODY>The American Pork Congress kicks off

tomorrow, March 3, in Indianapolis with 160 of the nations pork producers from 44 member states determining
industry positions on a number of issucs, according to the National Pork Producers Council, NPPC.

Delegates to the three day Congress will be considering 26 resolutions concerning various issues, including the
future direction of farm policy and the tax law as it applies to the agriculture sector. The delegates will also debate
‘whether to endorse concepts of a national PRV (pseudorabies virus) control and eradication program, the NPPC
said.

A large trade show, in conjunction with the congress, will feature the latest in technology in all areas of the
industry, the NPPC added. Reuter

&#3;</BODY></TEXT></REUTERS>

New Reuters: RCV1: 810,000 &
= Reuters RCV1 M4EH FEYS

400000

350000

200000

250000

200000

150000

Number of Stories.

100000

50000

Category

http://about.reuters.com/researchandstandards/corpus/statistics/index.asp




(VZ2&4Y0) FHlRE

= Recall: #5X i Mdocumentd, FELL 7 G
IZHESh-LDODEE:

= Precision:752 /125 S f-document
B, AYIZHISR /IZBTHHODEE: e

i

= “Correct rate”: (1- error rate) IEL<H48 =
Shf=documentDE|4: 225

i i

Dumais et al. 1998:

Reuters — Break-Even Performance

Rocchio NBayes Trees LinearSVM
earn 92.9% 95.9% 97.8% 98.2%
acq 64.7% 87.8% 89.7% 92.8%
money-fx 46.7% 56.6% 66.2% 74.0%
grain 67.5% 78.8% 85.0% 92.4%
crude 70.1% 79.5% 85.0% 88.3%
trade 65.1% 63.9% 72.5% 73.5%
interest 63.4% 64.9% 67.1% 76.3%
ship 49.2% 85.4% 74.2% 78.0%
wheat 68.9% 69.7% 92.5% 89.7%
corn 48.2% 65.3% 91.8% 91.1%
Avg Top 10 64.6% 81.5% 88.4% 91.4%
Avg All Cat 61.7% 75.2% na 86.4%

Break Even: (Recall + Precision) / 2

S.T. Dumais, J. Platt, D. Heckerman, and M. Sahami. Inductive leaming algorithms and representations for text categorization. In

CIKM-98: Proceedings of the Seventh International Conference on Information and Knowledge Management, 1998,

Precision vs. Recall - Category “Grain”
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L H—Liz&BiE L (Joachims)

Yang&Liu: SVM vs fthd Fi%

Table 1: Performance summary of classifiers

method miR  mP miFl maFl error

SVM 8120 .9137 8599 5251 .003635
KNN .8339 .8&07 K567 5242 00385
LSF 8507 .8489 8498 5008  .00414

NNet 7842 BTR3 8287 3765 .00447

NB

JS688 L8245 7956 .3886 .00544

SVM (poly) SVM (rbf)

degree d = width v =
Bayes|Rocchio|C4.5/k-NNJ|| 1 | 2 | 3 4 5 || 0.6 10.8 1.0 1.2
earn 95.9 96.1 [96.1(97.3 |[98.2(98.4/98.5(98.4(98.3 98.5}98.5 98.4(98.3
acq 91.5 92.1 |85.3)92.0 |[92.6(94.6/95.2(95.2(95.3 95.0195.3 95.3(95.4
money-fx || 62.9 67.6 |69.4| 78.2 |[66.9|72.5|75.4|74.9|76.2|| 74 0175.4 76.3|75.9
grain 72.5 79.5 [89.1]82.2 191.3|93.1|92.4|91.3[89. 9|93 llQl 9]91.9|90.6
crude 81.0 R1.5 |75.5|85.7 |[86.0[87.3|8R8.6 [88.9|R7. RlSS 9}89 0| 88.9|88.2
trade 50.0 77.4 [59.2|77.4 (|69.2|75.5|76.6 |T7.3|77. ll 76. 9178.0 77.8|76.8
interest 58.0 72.5 [49.1| 74.0 ||69.8]63.3|67.9 |73.1|76.2|| 74.4|75.0|76.2| 76.1
ship 78.7 83.1 |80.9| 79.2 |[82.0[85.4|86.0 [86.5|86.0 ||85.4|86.5|87.6 | 87.1
wheat 60.6 79.4 |85.5| 76.6 |83.1|84.5|85.2 |85.9|83.8 (|85.2|85.9|85.9 | 85.9
corn 473 | 62.2 |87.7| 77.9 (|86.0/86.5|85.3 |85.7|83.9 ||85.1|85.7|85.7 | 84.5
microavg.|| 72.0 | 79.9 |79.4|82.3 84.2|85.1 ?5.9 86.2|85.9 || 86.4 86‘.5 86.3[86.2

combined: 86.0 combined: 86.4

Fig. 2. Precision/recall-breakeven point on the ten most frequent Reuters categories and microaveraged performance over all Reuters
categories, k-NN, Rocchio, and C4.5 achieve highest performance at 1000 features (with k = 30 for k-NN and = 1.0 for Rocchio).
Naive Bayes performs best using all featurcs.
T. Joachims, Text Categorization with Support Vector Machines: Learning with Many Relevant
Features. Proceedings of the European Conference on Machine Leaming (ECML), Springer, 1998

miR = micro-avg recall; miP = micro-avg prec.;

miF1 = micro-avg F1;

maF1 = macro-avg F1.
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« H1000LBHENHHEEIE, REMIZTEL
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» fIZHLDHY: TinySVM, libsvm, ...

%

A Tutorial on Support Vector Machines for Pattern Recognition

(1998) Christopher J. C. Burges

S. T. Dumais, Using SVMs for text categorization, IEEE Intelligent
Systems, 13(4):21-23, Jul/Aug 1998

S. T. Dumais, J. Platt, D. Heckerman and M. Sahami. 1998. Inductive
learning algomhms and representations for text categorization.
Proceedings of CIKM 98, pp. 148-155.

A re-examination of text categorization methods (1999) Yiming Yang,
Xin Liu 22nd Annual International SI

Tong Zhang, Frank J. Oles: Text Categorization Based on Regularized
Linear Classification Methods. Information Retrieval 4(1): 5-31 (2001)
Trevor Hastie, Robert Tibshirani and Jerome Friedman, "Elements of
Statistical Learning: Data Mining, Inference and Prediction" Springer-
Verlag, New York.

‘Classic’ Reuters data set: http://www.daviddlewis.com /resources
Itestcollections/reuters21578/

T. Joachims, Learning to Classify Text using Support Vector Machines.
Kluwer, 2002.
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EZAHT.SYMTIE
u H%i@ﬂﬁﬁ:ﬁ%[i
min wlf 35
(W, d(x))+b)21-&

subject to: £>0

gh REZEATHDE

n 22RHD—ARILTIE
(21, 22) — (23, 2120, ToT1, T3)

il Z X 20x30 = 600 EV )L DERIZxE
LTIX. 180000RTEE-TLES

» CORBZEMTHETSDE. HFEYICE
BELLLENDZEITED

gh BRARFEZEZD

s WEANINLOEMZEHIRLEZSESTESSH,
BIZIE. ROESIZ, FET—2DRBEE TR
BTE3L0DHEEZD(N—ETOVTIL
JYRXLEBNHT):

w= > ()

i=1
» COEE REFIAT BHIE.

(w, 6(a)) = <Z ai¢<xi>,¢<x>> = 3" oy (6(a). 6(a))

i=1 i=1

BRAEHEFET D

s SO q [EWREHEEEND

- JIET—ATESN A EMICETT A ERE
BHRALVDDT, 5. —RORETET
E3E<

» CORHAEBDFEEITAERNEITES
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i. SVM O Bt fif] 8
TP R ESS RS tidallobsborits:
ELTHEONS:

max Za,- - Zaiajyiyj <¢(xi),¢(xj )>
“ i=l i,j=1
subject to : ;%ai =0

0<q,<C foralli
» GR. EHEE BEREOEFHLKED

i T h—RILERANWSE

s WEELAMESTULVEWLT EIZHE
s RIZ.ROESICLTEHENHEICTES:

k(z,2) = (¢(2), #(2))
. 5B, HIEEICLRAT—HITHLTE,

(B TEHRTO) FHEM T EEBRMI
TSRENEID

i Z D15

w BFlICKOTRDBIZEEZDE

¢ (21,22) — (2%, z122, 2221, 23)
n :/UEE{I%
(6(x),6(2)) = (x¢,z2)
= tr(xx'zz’)

= (x,2)

s DFEY HIZIE., E£IFED 180000k TD
RHMILDEHEE . EIE 600 RITTODNIRIL
THREZEY. TNEZFT ST TEL
Z&IThB

» —RITEETTNIL, BRI TTOREZER
BWSEMTESRLIZHD. BIZIEHD
AB—2)L:

— oo [ —2I?
r(x,2) = exp
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