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Abstract

Millions of documents are already on the Internet, and new documents are being formed all the time.
This poses a very important problem in the management and querying of documents to classify them on the
Internet by the most suitable means. However, most users have been using the document classification
method based on a keyword. This method does not classify documents efficiently, and there is a weakness in
the category of document that includes meaning. Document classification by a person can be very correct
sometimes and often times is required. Therefore, in this paper, We wish to classify documents by using a
neural network algorithm and C4.5 algorithms. We used resume data forming by XML for a document
classification experiment. The result showed excellent possibilities in the document category. Therefore, We
expect an applicable solution for various document classification problems.
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<!— Standalone Parameter Entity Declarations used in the OTD ——>
<IENTITY % doctype "01ZA">
<IENTITY % p.date &8 Y">
<IENTITY % p.bth.day "Lt0I|{%p.date:)">
<IENTITY % p.pi.num "SXi2). X2
<IENTITY % m.fig "EMPTY">
<IENTITY % m.ph.addr
'R E| 2| 2SI S[SEHAS|AMEHS | HSHS | BA
3
<I-- Mixed Parameter Entity Declarations used in the DTD ——>
<IENTITY % m.addr *#PCDATA | %m.ph.addr">
<IENTITY % miib "(%p.date:)r, LIE,01D7">
<!-- Entities for common attributes -—>
<IENTITY % a.id *ID 1D #IMPLED">
<IENTITY % alang (B2|0il st 2E0) '823">
<IENTITY % biype "(Q2|82) 'g&d™>

S| MeH

<!—- Notation Declarations -—>
<INOTATION jpg PUBLIC ">
<l-- Elerment Delclarations -—>

<!ELEMENT %doctype:
OIS+ AR, FUSSHS MUBY T4 SHU) (81213
>
<-- 018 -—>
<IELEMENT OI& (#PCDATA)®>
<IATTUST 018 20 %alang>
<t A -—>
<IELEMENT At® %m.figi>
<IATTUST AR %a.id:

NAME ENTITY #MPUED>
<-- FUSSHS —>
<IELEMENT FQIS=E¥IS (%p.pi.num:)>
<IELEMENT @Xi2| (#PCDATAR>
<IELEMENT R Xi2| (#PCDATA)>
<I-— MY -—>
<IELEMENT MASIol (%p.bih.day:)+>
<IATTUST ME3y M2 %b.type:>
<IELEMENT LIO| (#PCDATAY>
ELEMENT & (#PCDATA)>
<!ELEMENT 8 (#PCDATA)>
<IELEMENT & (#PCDATA)>
- F -

S XA 1))

<IELEMENT 4 (%m.addr)*>
<IELEMENT =% (#PCOATA)>
<IELEMENT Al (#PCDATAP>
<IELEMENT & (#PCOATAP>
<IELEMENT 2 (#PCDATA)>
<IELEMENT 3 (#PCDATA)>
<IELEMENT & (#PCDATA)>
<IELEMENT © (#PCDATAY>
<IELEMENT & (#PCDATA>
<IELEMENT QE®IS (#PCDATAD
CIELEMENT ALMBIHS (#PCDATA)>
<IELEMENT M&#18  (#PCDATA)>
KIELEMENT BARIE  (#PCDATA>
<IELEMENT HXQBHS (#PCOATA>
<l-— BHHY -—>
<IELEMENT SEH (SFSY2H)>
CIELEMENT £F4% (#PCDATAD
<IELEMENT 2:H (#PCDATA)>
<l-—- 8 ¥ =) A -
<IELEMENT &t (%m.fibi)>
<IELEMENT 22 (%m.fib)>
<IELEMENT 7| (%m.lib:)>
<IELEMENT X2 (%m.lib;)>
<IELEMENT E9} (%m.lib:)>
<IELEMENT W2 (#PCDATAD>
<IELEMENT HI22 (#PCDATA)>

38l 1. ol3A DTD
Fig. 1 resume DTD
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intro 0.666486
career 0.0318188
license 0.0212744
adademic 0.0211459
toeic 0.00488975
talent 0.00405935
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Ag dolHe (E1)9] dHiolHE ol8sida, (3% 4) <7xmi version="1.0" encoding="UTF-8'7>>
o AL AA (2 5). (I 6), (2P 7)o ANE o <PMML version="2.1" xmins="http://www.dmg.org/PMML-2_1"
xins:xsi="http://www.w3.0rg/2001/XMLSchema-instance”
211:} xsi:schemal.ocation="http://www.dmg.org/PMML=-2_1 pmmi-2-1.xsd">
<Header copyright="Copyright (c} 2002 Integral Solutions Ltd.. ‘All Rights
T Reserved.”™
: ;“Mc = <Application name="Clementine" version="8.1"/>
L@l </Header>
k4 <TreeModel modelName="pass" functionName="classification"
B —- D) — &> _.® algorithmName="C5'">

<MiningSchema>

<MiningField name="intro" usageType="active"/>

<MiningField name="toeic" usageType="active'/>

<MiningField name="career" usageType="active"/>
<MiningField name="academic’ usageType="active"/>

<MiningField name="license" usageType="active"/>

<MiningField name="talent" usageType="active'/>
<MiningField name="$C~pass” usageType="nredicted"/>

<MiningField name="$CC~pass” usageType="supplementary"/>

-~

SConsxpms o Rops

</MiningSchema>
3] 4. SPSSE olest Algaky <Node score="2" recordCount="743">
Fig. 4 Experiment process that use SPSS <Extension name="x-nodeld" value="0" extender="spss"/>
<True/>

<ScoreDistribution value="2" recordCount="380"/>
<ScoreDistribution value="1" recordCount="363"/>
<Node score="1" recordCount="183">
<Extension name="x-nodeld’ value="1" extender="spss'/>
<SimplePredicate field="intro" operator="equal’ value="A61"/>
<ScoreDistribution value="2" recordCount="0"/>
<ScoreDistribution value="1" recordCount="183"/>
</Node>
<Node score="2" recordCount="282">
<Extension name="x-nodeld" value="2" extender="spss'/>
<SimplePredicate field="intro" operator="equal® value="A62"/>
<ScoreDistribution value="2" recordCount="190"/>
<ScoreDistribution value="1" recordCount="92"/>
<Node score="1" recordCount="8">

, ‘}tﬁ};ﬂ TR AT
- intro = AB [Mode. 1] => 1
@ intro = AB2 [Mode: 2}
@ toeic=A51 [Mode: 2]
¢ career=A21 [Mode: 2]
© L. academic=A11 (Mode:1] = 1
! .- academic=A12 (Mode:2} = 2
& academic = A13 [Mode: 2]
@ caroer=A22 [Mode: 1]
Pt license=A41 [Mode: 1] D 1
@ license = A42 [Mode: 2]
i academic=A(1 [Mode: 2] =D 2
i acadamic = A12 (Moge: 1] => ¢
© academic = A13 [Mode: 2]
Q- carger=A23 | Mode: 2]

- academic=A11 [Mode: 2] =5 2 </Node>

i~ atademnic=A12 [Mode:1] <> 1

¢ academic=A13 {Mode: 2] = 2 </TreeModel>
toeic = A52 {Mode: 2] = 2 </PMML>

- ftoele = AS3 [Mode: 2) = 2
@ intro=AB3 [Mode: 2}
i tosic=A51 (Mode: 2] => 2
© toeic= A52 [Mode: 2}
¢ atagemit=s A1 [Mode:2} = 2
| @ academic = At2 {Mode: 2]
i @ carear=A21 {Mode:2]
i career=A22 [Mode: 2] > 2
L carger= A23 [Mode:1] > 1t

12| 6 ZYE2|e) 7& PMML
Fig. 6 Rule PMML of decision tree
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Language) (14101}, PMML2 £74 293} slolg nlo]
Y 22 71Eshr] 9% XML defoltt.

PMML-E A%, ZA, =", Az, @yEoke] ofEg
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Fig. 5 Rule created according to experiment Ao T T £obd A3 ALgEc
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