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ABSTRACT

This thesis proposes a new Association Rule-Based Text Classifier (ARTC) algorithm to
improve the prediction accuracy of Association Rule-based Classifier By Categories (ARC-BC)
algorithm. ARC-BC has shown a good performance. In addition, the classifier based on ARC-BC
algorithm produces clear and understandable results. However, the classifier can not work well
for the single-class document that has some terms of document mutually associated with other
classes. Unlike ARC-BC algorithm, a new Association Rule-Based Text Classifier (ARTC)
algorithm consists of three main phase to construct a classifier. The first phase is association rule
generation. The proposed association rule generation algorithm constructs two types of frequent
itemsets. The first frequent itemset contain all terms that have no an overlap with other categories.
The second frequent itemset contain all features that have an overlap with other categories that
generated by a new join method, ARTC join. The second pahse is pruning step. The pruning step
uses tree structure for pruning association rule that have confidence value more that a threshold
value of confidence factor. The last phase is the prediction of classes associated with new

documents. The experimental results are shown a good performance of the proposed classifier.
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Usingeganiusada (11, 13, 15} 0on 1ed1aii 1hioo 9 aunIREHNANN Itemset 3TNV

3 "

1879 2 Itemset niuAlguant@ansuao {11, 12, 13} wag {11, 12, 15}
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8. 910 Lyhuideunnuduiusivesz 14 ¢, a2l {11, 12, 13, 15} nazmam
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N3N UTATOUYDA Frequent ltemset L aZNMIBATDY s Y93 L untduiainess ldng “s=>(L-
s)” ﬁmﬁmswamﬁﬂﬂﬁqgﬂﬁ 25

23U 2.6 910 L, i Ttemset usn {11, 12} iwnwades’l {11}, {12} waz
(1, 12} diehmadiengez1d 1 =12, 12 =1 ua hignnseadie 1 = 1~ 12 14 msizn
Fudhovneed 11 mileuiulild nazd My lemset 81 9 ﬁﬁ%’nngﬁ’aﬁ%’fiqiuﬁu Tu
FuouRoamii L, mad1anganuduius At temset usn {11, 12, 3} wuwadesld {11},
(23, 13}, (0, 120, 400, 130, {12, 13} uag {10, 12, 13} deviunadanganuduiutee 1
=2 13, 12=>11A13,13=> 1182, 11" 2 => 13,11 ~ I3 => 12 uag 12~ 13 => 11 1o
319N AMFNTUTIN Frequent Itemset &2 nganmduiusi 1dg iannsaih lu g

v v ° ' A o = o Y P ' ' A o oy
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ansmi I 1Fau 1ddesdimanuyeiuveanguinnmseniiiu 70% 1ngii 2.4 114
ngawdiusmih hidaouldenghels = n, v =12, 15 =12, 15 = 11" 12,

[~ I5=>Ruaz 12~15=>11

awv A a v
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1197398999 Osmar R. Zaiane 1182 Maria-Luiza Antonie [3, 4] Tainauedsns
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L
: Association rule Confidence
Itemset Support
I1=>12 66%
{11, 12} 4
12=>11 57%
{11, 13} 4
I1 =>13 66%
{11, 15} 2
13=>11 66%
{12, 13} 4
11 =>15 33%
{12, 14} 2
I5=>11 100%
{12, 15} 2
12=>13 57%
13=>12 66%
12=>14 29%
14 =>12 100%
12=>15 29%
15 =>12 100%
L, ‘ f -
Association rule | Confidence
Itemset Support ‘
I1==12/]3 33%
{11, 12,13} 2 —
2=>11"13 29%
{11,12,15} 2
B3=>I11"12 33%
I r12=>13 50%
11~13=>12 50%
2~13=>11 50%
INH==127~15 33%
[2=>11"15 29%
I5=>11"12 100%
I 12=>15 50%
[1NI5=>12 100%
2~15=>11 100%

U7 2.5 uanamisadanganuduiug
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Algorithm ARC-BC Find association rules on the training set of the text collection when the
text corpora is divided in subsets by category

Input A set of documents (D) of the form D, : {c, t, t,, ..., t.} where c, is the category attached
to the document and ¢ are the selected terms for the document: A minimum support threshold: A
minimum confidence threshold.

Output A set of association rules of the form t,"t,"..."t, => ¢, where ¢, is the category and t;is a
term.

Method:

(1) C, «— {Candidate 1 term-sets and their support}

(2) F, 4 {Frequent | term-set and their support}

(3) For(i+—2;F_ # ¢ ;i «—itl)do

4 {C<+(F, F,

(5) C, «— C,— {c|(i-1) item-setof ¢ & F , }

(6) D, <— FilterTable(D,_F, )

(7 for each document d in D, do

(8) { for each ¢ in C, do

(9) { c.support +— c.support + count(c,d) }
(10) i

(11)  F, < {c C,|csupport> o }

(12)

(13) Sets+— Ufc € F,|i>1}

(14) R= ¢

(15) For each itemset I in sets do {
(16) R +— R+{I =>Cat}
(17) H

end

U7 2.6 6ane3Hiu ARC-BC [2]
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2.3.3 3smsdwundszianenmsvesnuld piinIte
Tuns$unnend 151090113501 188 MuART Dominant factor (5) e ldlums
sumnendts Tunsdiningildlumsswunveninenaiseguinnaeangy 1av Dominant
factor ﬂ:tﬁuﬁ’;s:u:hms'ﬂ:‘l%ﬂ;}‘lﬂ“lumsﬁmumanmiﬁyc‘?qm Dominant factor ﬁyﬂ:agj
sen319 0-1 Tua3seRineresiiiuziiviming) Dominant factor SN Ao Ing |
mam3s NI snmenasiazauniuniin1 Dominant factor niAu11NE 0 wazIBuA

Tumsiwunienaisvesnuiveineideadl uaainagin 2.7

Algorithm Classification of new object

Input A new object to be classified o; The associative classifier (ARC); The dominant factor
& : The confidence threshold T;

(1) S =<—¢@ /* set of rules that match new document (o) */

(2) foreach rule r in ARC (the sorted set of rules)

(3) if (rc o) {count++}
(4) if (count==1) ;
(5) fr.cont’ r.conf/*keep the first rule confidence */ |
(6) § =—S8r

(7) else if (r.conf > fr.cont-7)

(8) S «——Sur

9) else exit

(10) divide S in subsets by category : S, S,, ..., S,
(11) foreach subset S, S,, ..., S,
(12)  sum the confidences of rules and divide by the number of rules in Sk
(13) if it is single class classification

(14) put the new document in the class that has the highest confidence sum
(15) else /* multi-class classification */

(16)  TakeKClasses(S, o)

(17) assign these k classes to the new document

s

4:; o a3 o = d' t:i v
sun 2.7 9anNn3 NUMINUUNYTLANDNAITVDINUIWNYIVD (2]

ad'y

1 :: 1 oo v ow  da
N3l 2.7 Tupeui (3) Lﬂun1sw1ﬂgwnﬂ11uﬁnwuﬁﬂULﬂﬂf\"l‘i“lﬁilﬂﬂMﬂﬁ

s o as

¥ v
Fuwmndszion dueeuit @) - ©) Wumsiaddunganuduiuiaunnuduiusiy
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3:1.1. aanﬂ5ﬁuﬂ1wmf’1’umnammauwuﬁ

é"ana?‘ﬁn Association Rule-based Text Classifier (ARTC) Lﬂué’ana?ﬁum%’"lums

AUMINYANMUANIUTV0 30Tl naaIAazUR 3.1

Algorithm: ARTC Find association rule on the training set of the text collection.

Input: 1. A set of documents of the form {c,t,L,...,t.} where c, is the category attached to

the document and t are the selected terms for the document.

2. A minimum support threshold (min_support).

Output: A set of association rules of the form t, ~ t,* ... ~ t => ¢, where ¢, is the category and t,

1s a term.

Method:

(1) C, «— {Category label 1-itemset and their support}

(2) L, =— {c € C,|support > min_support}

(3) C, =— {Feature l-itemset and their support}

(4)L, =—{c € C, | support >min_support}

(5)C, =— Gen_2_ltemsets (L, ,L))

(6) T <— {c € C,|support > min_support}

(7) OL,=— Find_Overlap_Itemset (T)

(8L, = T-OL,

(9)M <— Select_Itemset(OL,,L,)

(10) For (k=3; OL, # ¢ ; k++)

(11) {C, =— Gen_k_Itemsets (k, OL_,, M)

(12) L, =— {c € C,|support>min_support}

(13) COL,=— Gen_Overlap_k_Itemsets (k, OL i)

(14) OLk =+ {c € COL, | support > min_support} }

(15) SetOfRule =— {L,, L,, ... L, OL,OL,,....OL, }

(16)Rules = ¢

(17)For each item in SetOfRule do

(18) {Rules <t t,*...t, =>C |t is term of document and C is category label,
iel2,..p}

(19)end

U7 3.1 dane3Hin ARTC
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¥
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2. fhﬁﬁumguﬁ’auﬁ'qﬂ (Minimum support threshold :min_support)
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Tagh
Category label = {Categoryl, Category2, Category3}

Term = {protocol, algorithm, ..., database}

M3197 3.1 579715914 UBYA Doc

Ao 518M 3900

1 {Category2 protocol,algorithm,xml,mail,web, firewall }
2 {Category3,database}

3 {Category?2,ftp,algorithm}

4 {Category1,management,money,market |

5 {Category2,protocol,mail,xml,algorithm,web,firewall }
6 {Category]1,tour}

7 {Category2,web,algorithm,ftp,firewall }

8 {Categoryl,money,management}
9 {Category3,xml,oracle,web,protocol,database }
10 {Category3,web,xml,normalization,database }
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{money}

{management}

{ftp}

G, Support

{money} 2

{management} 2

{tour} 1

{market} ] >
(fip) > min_sup
{algorithm} 4

{web} 5

{firewall } 3

{protocol} 3

{mail } 2

{xml } 4

{normalization} 1

{database} 3

{oracle} 1

f

{algorithm}

{web}

{firewall}

{protocol}

{mail}

{xml}

{databasc}

sUn 33 uamaCc uaz L,

%Function Gen_2_Itemsets (L, , L))
(5.1) for (i=1 ; L, # @ si++)
(5.2) {for(G=L;L,¢ ij+t)

(5.3) {Insert into C,
(5.4) Select L,[i],L,[j]
(5.5) From L,L,
(5.6) }

5.7}

(5.8) Return C,

gﬂ‘ﬁ 3.4 Hangu Gen_2 Itemsets
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L, Ly ol
{Categoryl} {money} {Categoryl, money}
{Category2} {management} {Categoryl, management}
{Category3} {fip}
{algorithm} ~ {Category1, database}
{web} ! {Category2, money }
{firewall} {Category2, management
{protocol }
{mail} {Category2, database}
{xml} {Category3, money |
{databasc} {Category3, management}
{Category3, database}
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¢,

Support

{Category1, money}

2

{Category1, management}

2

{Category1, database}

{Category2, money}

{Category2, management}

—_—
0 min_sup

{Category2, database}

{Category3, money}

{Category3, management}

{Category3, database}

T

{Categoryl, money}

{Category1, management}

{Category?2, ftp}

{Category?2, algorithm}

{Category2, web}

{Category?2, firewall}

{Category2, protocol}

{Category2, mail}

{Category2, xml}

{Category3, web}

{Category3, xml}

{Category3, database}

4
as

sUN 3.6 maadn T

7. tumouit (1) Wlunsads Overlap 2-itemset (OL,) laviSonldilandu

Find Overlap_Itemset N1§M11971489W 44U Find_Overlap_ltemset UaAddagLli

3.7

%Function Find_Overlap_Itemset (T)

(7.1) for(i=1;T[i] # ¢ ;I++)

(7.2)  {for G=2;T] # ¢ ;j++)

(7.3) {Insert into OL,
(7.4) Select T[i]

(7.5) From T

(7.6) Where TI[i,2] = T[j,2]
(7.7) }

(7.8) 1}

(7.9) Return OL,

| i
gﬂ‘n 3.7 Warid4 Find_Overlap_Itemset
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P ad o o o " 4 ﬁ o o
910307 3.7 1aneiBn1sN19uvealanFu Find_Overlap_ltemset FuJuandu

& 3 ' ' - a w ih ) p
GL‘lm'l‘j‘l’l‘l term vamﬂummxaﬂmsuﬂaznqu Tﬂuwmsmm Item AN 2 YDILADY Itemset (P

¥ ¥
=1 Y ' s [ ar Y =y
Ao term ¥oupNaIITU ) Tunilouiunio b minmilouiu temset 111 9 ziluaunFn

Y09 OL, UeAII0t199931/h 3.8

T

{Category1, money}

oL,

{Category1l, management}

{Category2, web}

{Category2, ftp}

{Category2, xml}

{Category2, algorithm}

{Category3, web}

{Category2, web}

{Category3, xml}

{Category2, firewall}

{Category2, protocol}

{Category2, mail}

{Category2, xml}

{Category3, web}

{Category3, xml}

{Category3, database}

3UN 3.8 naasmsing OL,

| o o o . a = w
9317 3.8 MuNMINIUVeINIAYFU Find Overlap_Itemset WI158IN Item 717

i 2 3wniloununsely 15u910 Itemset A9 1 A0 {Categoryl, money} & ltem @791 2 A9

Y= o ' e ar e o e
money j,ﬂﬂﬂ‘liﬂl‘lﬂﬂ‘i]ﬂ 9 Itemset 1J51ng]31'luu Itemset A3 JHUNT Item AN 2 rf]u money

¥ ¥ [ ] '
Fa17U Ttemset 7193 Thifluaundnves OL, W13 Itemset {Category2, web} 1 Ttem AN 2

¥ ¥ ¥ ¥
fio web lWBNITUWAINDNFINY  {Category3, web} AU N1 {Category2, web} Lng

{Category3, web} duilum@IN¥nv01 OL,

:: dl Fy . A = - =
8. UUABUN (8) ﬁjuﬂ‘l'iﬁiwl Large 2-itemset (Lz) Taonau¥nuos L, ADuyn

vouxa T liiflumnFnues OL, uaanIedenszli 3.9
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T

OL

z

L

2

{Categoryl, money }

{Category2, web}

{Categoryl, money}

{Category1, management}

{Category2, xml}

{Category1, management}

{Category2, fip}

{Category3, web}

{Category2, ftp}

{Category2, algorithm}

{Category3, xml}

{Category?2, algorithm}

{Category2, web}

{Category2, firewall}

{Category2, protocol }

{Category2, mail}

{Category2, xml}

{Category3, web}

{Category3, xml}

{Category3, database}

{Category2, firewall}

{Category2, protocol }

{Category2, mail}

{Category3, database}

< _
3UN 3.9 uamaiota L,

3 - o o
0. fuaoun 9 1Hunsadiy Main ltemset (M) lasmsisonldHandu

° o o ™ -
Select_Itemset M3H1IMVBITINFY Select_Itemset 1ansAaz1l# 3.10

%Function Select_Itemset (OL, , L,)

(9.1) Temp OL,<— {Category label from OL,}

(9.2)  for(i=1;Temp_OL,[i] # ¢ ;i++)

(9.3) {forG=1;L,[j] # @ j++)

(9.4) {Insert into M

(9.5) Select L,[j]

(9.6) From L,

9.7) Where Temp_OL,[i] = L,[j,1]
(9.8) H

(9.9) }

(9.10) Return ML

31]‘?1 3.10 Wanvu Select Itemset
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a ° o o & o o
913109 3.10 uaAINTNNNUVEIRINTY Select Ttemset gauiluilandulunsm
Main Itemset (M) lavmundnvoaan M aemnsnlu L, Ni¥ongu (Category label)

Milouny OL, neAIAI0019AIgUM 3.11

oL, L, M
{Category2, web} {Categoryl, money} {Category?2, ftp}
{Category2, xml} {Categoryl, management} {Category2, algorithm}
{Category3, web} {Category2, fip} —> | {Category2, firewall}
{Category3, xml} {Category?2, algorithm} {Category2, protocol}
{Category2, firewall} {Category2, mail}
{Category2, protocol} {Category3, database}
{Category2, mail }
{Category3, database}

5UN 3.1 ¢et1a M

. ar i o as -
103N 311 udAIdIptemsaiuga M auilangy Select ltemset 1Ay
#91snfizengueIn OL, 1INAI9613AD Category? 1Az Category3 HAIMNTANH L, 1IN
1 e ' ﬁ - Y A ;’f 'i‘_l a
Itemset 1014 L, NUroNguiliu Category2 W30 Category3 1¥iden Itemset VWU UALIFNVDI

1A M

¥ "
as -

. » ¥ ' ¥
10. ﬂﬂ“lﬂ%:tsqumamuch (Iteration step) RTGICE Large Itemset AULAYHADUY
n’:‘ ~ o 4 a9 o &
(10) - (14) Tawdupeui (10) 1umsimuan k Fuduuazimuatou lvly
MIMYANIINT Large Ttemset Taolia1 k Sudufiawiiy 3 msiauudaz
o =K 4 o ' a 1 =
sousTNgAMIMNuAdeie oL, 1Whudadie uazziiul kBn 1 mnms
¥
Mamda langaiuan
¥

1. Sumoud (1) 1Wunsa31e  Candidate k-itemsets (C,)  Tauisun1daddu

u o o as . a =
Gen_k_itemsets M5NINUVDININTU Gen_k_itemsets uﬂmmgﬂ‘n 3.12
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% Function Gen_k_Itemsets (k, OL,,, , M)
(11.1) for (i=1; OLk[i] = ¢ Dit)
(11.2) {for =1:M[j] # @;j++)

(11.3) {Insert into C,

(11.4) Select OL,[i], M[j][2]
(11.5) Form OL,, M

(11.6) Where OL,[1] = M[1]
(11.7) }

(11.8) }

(11.9) Retune C,

= 7w
31]71 3.12 ¥9A%U Gen k_Itemscts

= o o o o o

2In3UN 3.12 1aRIn1311911veaHINTY Gen_k_Itemsets Wudandulunism

1 » b
. = o o o (= ¥ =1 g 3
Candidate k-itemsets (C,) FANATINMITFOUANNTUAUTVDI OL, Lz M Tudmiis 14
o ac y @ w  d = v i o =) o ar riv = -
HaueIsNMstrouaNuFuRusDY 1Nt 50071 ARTC join Tnoiinannsaeil Na15mIN
o i = 4 ar v o ar : =3
ltem @IUSNVDILAAE Itemset NITFOUANUFUNUTAU MINMTDUAY  Temset WU 7 D
A v o dw Y 1Y Mo A - I & TR
annsowounnuduiusin1d uad limiouduiee iausaFeuanudunusiula

LAAIAIDIINISA3 C, e 3.13

oL, M C,
{Category2, web} {Category?2, ftp} {Category2, web, ftp}
{Category2, xml} {Category2, algorithm} {Category2, web, algorithm}
{Category3, web} {Category2, firewall}

—
{Category3, xml} {Category2, protocol} {Category2, web, mail}
{Category2, mail} {Category2, xml, ftp}
{Category3, database} {Category2, xml, algorithm}

{Category2, xml, mail}

{Category3, web, database}

{Category3, xml, database}

51 3.13 nansdaedumsadne ¢, Tay ARTC join
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= ar ' 9 dld” a0 1 o s n'.: = {]
JUN 3.13 4aAIAIDEMSASN C, Tusil k DA Ay 3 AaiuIumsn C,
4 a A o a o ' 4 da o A v w
FAAAINMSIFOUANUTURUTITNIN OL, FINAD OL, Az M MNMSIFDUANUTUNUD
Szﬂ’jﬁnﬂ ©] Itemset Y93 OL, V) Itemset AU M 9N Itemset Taoii A5 N13UIN Itemset fﬂﬁ
& s ar o o L | " : Y a a ar 1 - as A '
wouanuduRuisulanie liiuldnesenn  tem dausniuniloununse i min
=1 @ R A ar Qs a o 9 "9 ] - o a - Qs L] o o W v ]
mitpuius udounnudurusiuld uad lumiousufz@euanuduiusouhild wu
Itemset A2115NVYD3  OL, {Category2, web} 1Az Itemset A5NYDI M {Category2, fip}
. ¥ ¥
1T Item $IUSNUOIAAZ Ttemset AD Category2 1Az Category2 iMiTaUAY AU
c:s”d‘l o ar o ar 9 Y 3 =) o
194 Itemset TirouaNuFuRUTIU 1A ilz.lﬂl"f]u {Category2, web, ftp} taz luniuoaaInu
NDI5UIN {Category2, web} uaz {Category3, database} 11194910 Category2 1ag Category3

[ ar v n‘:‘ ﬂy ' 4 o o o o
laimsTousugaiu 2 Itemset 3 Wausoouanuduwusiula

¥ W
oA

12. dumoud (12)15umMsm Large k-itemset (L) Tudaedhatinge L, Tavainin
ve1 L, Aocundnues C, idimaiumypunnndmseminuaaivayuiioy

Na nanInled 1Al 3.14

C; Support L,
{Category2, web, ftp} 1 {Category2, web, algorithm}
{Category2, web, algorithm} 3 {Category2, web, firewall}

{Category2, web, protocol}

{Category2, web, mail} 2 — | {Category2, web, mail}
{Category2, xml, ftp} 0 min sup | {Category2, xml, algorithm}
{Category2, xml, algorithm} 2 {Category2, xml, firewall}

{Category2, xml, protocol }

{Category2, xml, mail} 2 {Category2, xml, mail}
{Category3, web, database} 2 {Category3, web, database}
{Category3, xml, database} 2 {Category3, xml, database}

sUN 314 deon L,

¥ "
13. sunoui (13) iunisadis  Overlap  keitemsets (OL,) Tauiunldilandu
Gen_Overlap_k_Itemsets N1TNIULBINTU Gen_Overlap_k_Itemsets WAAN

AagUN 3.15
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%Function Gen_Overlap_k_Itemsets (k, OL,, ,))
(13.1) for (X=1; OL, X # ¢ ; X++)
(13.2) {for(Y=2;0L,.,Y # @ ;Y++)

(13.3) {Insert into COL,

(13.4) Select OL,, X[1], OL,, X[2],..., OL, X[k-2], OL,,  Y[k-1]

(13.4) From OL,, ;

(13.5) Where OL, ,X[1] = OL,,Y[1] and OL,,X[2] = OL_,Y[2] and ... and

OL, , X[k-2] = OL,, Y[k-2]
(13.6) }
(13.7) }

(13.8) Return OL,

& ¢ o
gﬂ‘n 3.15 Hanau Gen_Overlap_k_Itemsets

- o 4w o o

9NN 3.15 uaaIn13iauveadlanFu Gen Overlap k Itemsets Huandu
3 = 4 o ar L3

1un13¥M1 Candidate Overlap k-itemsets (COL,) FUNA9INMITOUANVTUNUTVEY OL
a U a A o o o o @ A

94 TaoT915WUITZN 19 2 Ttemset NADAFDUANUAURUTAU MIN Ttem AN 189 (k-2)

- o o P as ) fo Y vy " A o o 1 A
mitousugwsmdeuanuduiusiuld uadr lumieununz luawsadon

ar o o ar 1 s ] 9 @ a
ﬂ’.}"lllﬁllwuﬁﬂu]lﬂ UAAINIBUNNITAI19 COL, ﬂ&gﬂ‘ﬂ 3.16

oL, OL, COL,
{Category2, web} {Category2, web} , {Category2, web, xml}
{Category2, xml} {Category2, xml} {Category3, web, xml}
{Category3, web} {Category3, web}
{Category3, xml} {Category3, xml}

317 3.16 M3 CoL,

EY
o o &

314 3.16 naasdetamsads cor, Tavi k luiifife 3 dniusaiumsadie
" . & a 4 s v o =Y
Candidate Overlap 3-itemset (COL,) FUAAVINNTYOUANUTUNUTUDA OL, 193 N9157

P A v w dw o o =3 ar [ oA o
11N Itemset NVEIFDUANUTUNWUDINU Tﬂﬂ Item 937 1 D3 (k-2) 91NADUNNAD [tem AIN 1
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] = o d A as as o o 3 ] =1 o o A
YoauAas  ltemset MINMiouAuMFoNANUFURUTAU1E vinlumleununazivon
ar v da My =1 o = = &
anyduiusiu a1l wu {Category2, web} a2 {Category2, xml} U Item A9 1 D3 (k-2) W3
oA =] [ ar 3 u‘: q,A v w Lo b3
Ao 1 milouiu §a1iu Itemset MaaatiimounNuduRus 1A {Category2, web, xml}
] [ [ 4 ar o o as
HAZIFURY  {Category?, web) az {Category3, xml} limusaiFounnuduiusiuld
IW31E Ttem @050 limilounu
c: a as [l d“d
14. Tuaoui (14) UMM Overlap k-itemset (OL,) Tudeg1aiinge oL, lav
AUIFNVBY OL, ADEMNINUY  COL, AlimaiuayuuInnImiominuam

advayuiosnga 1aaInIe1enIzlin 3.17

COL, Support OL,
{Category2, web, xml} 2 » | {Category2, web, xml}
{Category3, web, xml} 2 min_sup | {Category3, web, xml}

g
31N 3.17 A0 OL,
< = : Y
15. VUADUN (15)-(19) Hunisi Frequet Itemset Taun L, L, ..., L uazOL, CL,
.., oL, madunganuduius Tasl#iinmsadanganuduiusigudeiny
2
Sane3iy  Aprioi 911 Itemset 11w 9 M ngadoouaninnaduilung
v @ o S Y v ' o v W A
Anudunius Tasiingmaduvnzdos iiuduimavesngnidiugis e
w e d ' ~ y ' ' u‘;
Ténpanudniusud szaulwdngineduunuenionguenasmniu
HARIAID819AFUT 3.18 1Az 3.19
-~ a ' Y ar @ d Vv )

1Ingl# 318 naaeiIeduMsadengANFNRUS Taoly L, 111 lemset ¥03
L, UAag Itemset YINUBATOY AIDE1UTU WI1TUI {Category2, web, algorithm} Hiwadoy
r
D {Category2}, {web}, {algorithm}, {Category2, web}, {Category2, algorithm} L1aZ {web,

. y o @ o 4 @ o [V .
algorithm} oA angANuFRUT 92 1dngauduiusAusa Candidate Rule 11AZ13)
ar s o y " ' : o z

aulaamznganuduiuiineduinvesnguensenguendisminiu asiuaz ldng

ANMUAURUTAUBA Rule naaanazli 3.19



31

L

3

Candidate Rule

{Category2, web, algorithm}

Category2 => web

{Category2, web, firewall}

Category2 => algorithm

{Category2, web, protocol}

{Category2, web, mail}

Cagetory2 => web * algorithm

web => Category2

{Category2, xml, algorithm}

{Category2, xml, firewall}

web => algorithm

web => Category2 ” algorithm

{Category2, xml, protocol }

{Category2, xml, mail}

algorithm => Category2

{Category3, web, database}

algorithm => web

{Category3, xml, database}

algorithm => Category2 * web

web # algorithm => Category2

xml ” database => Category3

" v @ dy
51N 3.18 msadunganudius laoly L,

Candidate Rule

Category2 => web

Category2 => algorithm

Cagetory2 => web ~ algorithm

web => Category?2

web => algorithm

web => Category2 " algorithm

algorithm => Category2

algorithm => web

algorithm => Category2 ~ web

web * algorithm => Category?2

xml * database => Category3

Association Rule

web => Category2

algorithm => Category2

web * algorithm => Category2

xml * database => Category3

11 3.19 msduminganuduiusn L,
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fisa18Rn3sdangANuduRuT i Taonoiowas Mg ngiduiundealdlunisiuun
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NS Aaaznannisnmsnanganuduiusialuidoda

ar v s Jnv
3.2 MIAANHYANUTHNUETN

A R P . L a
Luﬂ\‘l%1ﬂﬂj1uw01ﬂ1n7|ﬂﬂ\3ﬂ-l'iﬂq13%4ﬂaﬂ31ﬂﬁNWUﬁ“1Nﬁuu1ﬂlﬂu"l‘IJ (General)
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o d.l ar ar

v w o . Y ow
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¥
Y

ar o o a 0 . ) o dgl =1 :r Y M oo n“:
ANUFUITUTRY (Prune) Ta1Fe1 Limit confidence iludi@ozinungiiulinsodangin

¥ ¥ ¥
19 %387 Limit confidence HUA1TZMIN 0-1

¥ i

¥

Tudufisznanidimsfanganuduiuiiaveanuiseil Taouseenilu 2
¥ ¥
Tumoude 3msaedulinganudiniug uazdimsdangaimduiuing
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3.2.1 nannulinganuduius

ad ¥ b'Y 3/ @  w o v v w & Y A o o c.y

Fafdu linganuduiusla q nawninldnganuduiuiuad Tnanmsasil

Y £ o o d 9 & '
1. Root vosau linganuduiiusudazdusziugenguenms
2. Tvua (Node) 1 Tvuaenganuduiug 1 ng
v ¥
3. Tvuaui (Parent node) ﬁmr'ﬂun;]ﬁﬁ'umw (General rule) 1HUAQN (Child node)
¥
4. Tnuauii Tnuagnlddaus 1 Tnuaiiiudu’hl
¥ ' by o & @ o
5. Twuagndouiiu Super set voa Tnuau TasldinnudiAyiud1duves Term 1u
nANUALIUS
a 3 v 3 v w ¢ A 3/ 4‘!’ 4 @ [ an
Mnnanmsadedu ldnganuduiug ionnut1 launiu JLaAIRIBE1IBNTI
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afuduldnganuduius Taolsaledanganuduniutanaisiam 3.2
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INATT NN 3.2 LAAINYANUTURUTHAAIANUFOIUVD AR NYANUTUAUT

0 W Y 3/ v w  d a - Y o v v 3/
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ANUFURUT Root voaduliAoTengmenas 115 1eA 3.2 ngmisdiuuniiyengy

L]

¥ ¥ .
na15151n)Aatl Categoryl, Category2 1az Category3 A4HUIINAITIN 3.2 veiigu 1y
¥
dofu 3 du Taedi Root Ao Caegoryl, Category2 Uiag Category3 masviniumiInualu

v ¥ " ¥ ¥
szduiall (TMuANRGAIN Root) Aoalungiiduiigaueenguiin udigi Tnuaminiilnua
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a W as a o o '
ANuAIAYAUSIAUYes  Term Tunganuduiut uanadiesiamisadeduling

AMUAURIUSHIg1R 3.20

M3191 3.2 fedngANUFURUT

NOANHTIWUS mAITeITH
money => Caegory | 1.00
management => Category | 1.00
ftp => Category2 1.00
algorithm => Category2 1.00
web =>Category2 0.60
firewall => Category2 1.00
protocol => Category2 0.66
xml =>Category?2 0.50
mail =>Category2 1.00
web”algorithm => Category2 1.00
web”firewall => Category2 1.00
web”protocol => Category2 0.67
web”mail => Category2 1.00
web”xml => Category2 0.50
xml*algorithm => Category?2 1.00
xml*firewall => Category2 1.00
xml”protocol => Category?2 0.67
xml*mail => Category2 1.00
web”xml*algorithm => Category2 1.00
web*xml*firewall => Category?2 1.00
web”xml” protocol => Category?2 0.67
web”xml”mail => Category2 1.00
database => Caegory3 1.00
xml*database => Category3 1.00
web”database => Category3 1.00
web”xml~database => Category3 1.00
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110317 3.20 uanadaedeau linganuduiuiiaianngdi 3.21 Tavdenasa
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o sk e el A o 2 Yy Y vy vy
INYIRUIABINY Root D Category?2 ﬂduuﬂgmmﬁnwuﬁ‘nfn:mmﬁiNm‘uvl‘uﬂuu'lﬂﬂm

v oA

. ¥
ihungiinaduunie Caegory2 TnulH Root D Category2 MaIMIUNMIARANUTURUTH

’
2

sziiluTnuadaain Root 34 THuUATGAIN Root ﬁ’auﬂungﬂ'J'mé'r'uﬁ'uﬁ'ﬁﬁguﬁqmaﬁﬁa
ftp => Category2, algorithm => Category2, web =>Category2, firewall => Category2,
protocol => Category2, xml => Category2, mail => Category2 Lf]@ﬁ%ﬁﬂﬁuﬂ"lus:ﬁu{f
wuALd? NsanganuduRusNdlinganuduiusimieaguio i wuhdaieginiugs
FoaadraTnualuszdavda’ly Tao Tvuagndoaiu Super set voaTnuaua n3o Tnuamidos
11 Sub set maaiﬂuﬂqﬂﬁ'uma 191 THuaiingANUFURUTAD web => Category2 THuA

(Y Y 1 i v g as
andoiilu web » 2 => Category2 nanafasziui 2 ¥0931# 3.22 nazluszavda lunguniu

v

k4

¥
d1Tvuauiidu web xml == Category2 uayalﬂuﬂgﬂmaﬂﬂuﬂuﬁauﬂu

web * xml *? => Category2

A v s d'-:?
3.2.2 IBAANHANHUTHNUD NI

3 o L) .{Z o » L. 5 v ° 3
AOUAANYANUFUWUTNIAS511UAAT Limit confidence Futua s 15 IHUATUY
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ANFURUT LI M5 01 UAT Limit confidence Saaziilungiaidoiivoniulums
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wanmslunisdanganuduiusisnindulinganuduiusildiuez 1935
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#913819INUUAIAN TABTITUININ Root WD THUATANIY (Left node) Aanannsnail
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L Inuaumifimanuseiuunnim3emidua1 Limit confidence THINUNDIN
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Tnuaud Puazaa Tnuagnialviviua
2. Inuauiisinnundeiiuiooniial Limit confidence TN 1301 THUARANN 9
TvuauoaInuam MHAANUFOTULINATINIBMINUA Limit confidence
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Algorithm: Classifying new documents.
Input: 1.A set of documents of the form {ti5it.55 £ 3 'Where t are document terms.
2. A set of association rule (Rule set)
Output: 1. A set of documents of the form {c, 1, L., t, } where ¢ is the category label to
the document and t, are document terms.
Method:
(1) For each new documents

(2) A rule <«—— Find rule_activate(document,Rule)

(3) If A rule == matching document
(4) Classifying new document
(5) Else

(6) if number of A _rule > 1

@] Group nA_rule by category label {C,, C,,....C }

(8) Find sum of confidence

(9) Find sum of support

(10) If no of rule C1> no_of rule C2

(11) Classifying new document by C,

(12) Else

(13) If sum_conf C1 > sum_conf C2

(14) Classifying new document by C,

(15) Else

(16) if sum_support C1 = sum_support_C2
(17) Classifying new document by C,
(18) End

(19) End

(20) End

21 End

(22) End

(23)next document

1 3.24 SanesTudmiviwmnends
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NOANNTNTTUS matuayu maniFei
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4.1.1.2 4Aveya CSTR

Gl;ﬂ‘ﬂyi)y,ﬁ Computer Science Technical Report (CSTR) [5] Lﬂu‘qﬂ%gaﬁtﬂu
UNFALDIITIDIANE INNIMAATUMINGIFY Rochester Tifiuagluziionds Himl file
TﬂU%ﬁ)gﬂ%ﬂ?ﬂﬂ%ﬁluﬂﬁ'ﬂﬂﬁﬂdd1u350fﬂﬁﬂ%€l§ﬂﬁﬂéi:ﬂﬁﬂﬂ A.7. 1978 — 2005 31U
542 19NT13 wseanilu 4ﬂE]:‘lJ A0 Al, Robotics and Vision, Systems L% Theory TR

TwazidvagAtoya CSTR AIA15199 4.3 uozAled1adoyanizli 4.2

M3139 4.3 5waziduagAtaya CSTR

a1y Fondu MDA
1 Al 112
2 Robotics and Vision 88
3 Systems 195
4 Theory 147
37U 542

<LI>Ahn, David D., "The Role of Presuppositions and Situations in the Interpretation of
Adverbial Quantifiers”", TR793, Computer Science Dept., U. Rochester, November 2002.
<BR><Ahref="ftp://ftp.cs.rochester.eduw/pub/papers/ai/02.tr793.Presupp_and_situations_in_in
terp_of adverbial quantifiers.ps.gz">02.tr793.Presupp_and_situations_in_interp_of adverbia
1_quantifiers.ps.gz</A>

<P>Keywords: computational semantics; presuppositions; situation theory; quantificational
adverbs.

<BLOCKQUOTE>This paper describes a method for computing the domain of quantification
of an adverbially quantified sentence. This method relies on the accommodation of
presuppositions in the scope of a quantificational adverb and on the resolution of the domain
in context. Situations form the link between adverbial quantifiers and presuppositions, as
adverbial quantifiers are taken to quantify over situations and presuppositions are taken to be
constraints on resource situations. This paper also briefly describes a computational system

for processing such sentences based on this method. </BLOCKQUOTE>

31 4.2 dedruenaisgadoya CSTR
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<!-- Yahoo TimeStamp: 874292400 -->

Sunday September 14 11:00 PM EDT

</strong>

<h2>NBC Leads Field At 1997 Emmy Awards</h2>

<!-- TextStart -->

<p> PASADENA, Calif,, Sept 14 (Reuter) - NBC won the battle of the television networks
Sunday, grabbing 24 awards at the annual Emmy Awards ceremony.

<p> Led by a powerful lineup of comedies such as &quot;Seinfeld&quot;,
&quot;Frasier&quot; &quot;3rd Rock From the Sun&quot; and &quot;Mad About You&quot;,
NBC beat out cable television network HBO which had 19 awards, CBS, which had 12, and
ABC which had 10.

<p> Reuters/Varicty

<!-- TextEnd -->

<!-- StartRelated -->

<!-- EndRelated -->
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e Fongu UINBNAT
1 Acq 719
2 Corn 56
3 Crude 189
4 Earn 1085
5 Grain 148
6 Interest 129
7 Money-fx 176
8 Ship 89
9 Trade 113
10 Wheat 71

77U 2775

<7xml version="1.0" 7>

<MESSAGE>PHOENIX FINANCIAL <PHFC> BUYS DATA ACCESS STAKE

BLACKWOOD, N.J., April 9 - Data Access Systems Inc said chairman David Cohen has sold

1,800,000 common shares to Phoenix Financial corp for undisclosed terms and resigned as

chairman and chief executive officer. The company said Phoenix Financial now has a 27 pct

interest in Data Access and effective control. Data Access said Phoenix chairman Martin S.

Ackerman has been named chairman of Data Access as well and two other Phoenix

representatives have been named to the Data Access board. It said four directors other than

Cohen have resigned from the board. Reuter</MESSAGE>
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w3oifiovveenmsudazagn Tugdied1ah 4.1 9w Aeadn Tag A1 9 nazdoniudus 7
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Copernic Summarizer 1a811M1 Keyword voausaziena s Wnnfigamif Tsunsuazm 18

HAAIAIDH1DN 1SN W1 Keyword Taoly Tdsunsu Copernic Summarizer ﬁdgﬂﬁ 4.5

5.txt

file://C\MATLAB6p5\work\yuki\DocumentPreprocessing\k-dataset\k-dataset\category\E\5.txt

Concepts:

legion, awards, Chevalier, Jean-Marie Poire. Nana Mouskouri, Officiers, singer Charles
Aznavour, Writer/director Lars Schmidt, Commandeur, violinist Stephane Grappelli, jazz
violinist Stephane, distributing legion, entertainment business, President Jacques Chirac, French

President Jacques, Variety, PARIS, Michael Williams.

Summary:
- PARIS (Variety) - French President Jacques Chirac honored the entertainment business on

Thursday, distributing Legion d'Honneur awards to some top international names.

Summarized by Copernic Summarizer
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9and3NM ARC-BC

Tunsazmmiuayuiioviiga 1dnaassluudaza) Dominant factor Wanua 21 f1
Fagt 0-1 Taouandlunaaz 0.05 Tundazmmivayuiosigasziiuinam Frequent
Itemset Haz$ AN R 1FuMs§wunENaS (Applicable rule) ¥aams ldmmiveyuioo
“?i?gﬂﬁyu nazluu@aznINAa0IveUIRAZA1 Dominant factor LNVHAMISMUNENTS TAY
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lumsnaassyadeyatoninu fudaneSiu ARC-BC uaz ARTC 1iu 1dins
¥ ]
nAavl 5 A3 Taosmuamaivayuiooiiqafio 100 120 130 140 Lag 50 AWEWY
LAAIHANINARBIVDAIGAZDANDI NUz IR WIS TInBAtAD Tl

4.2.1.1 HaMINARDIYATOYATEN 1M TABVDIDANDI NN ARC-BC

M7 4.7 Hamsnaanaateyatony Tavdane3iiu ARC-BC imaivayuioviiae

MY 100
Dominant Classifying new documents
factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 180 221 0 221 0.4489
0.05 180 221 0 221 0.4489
0.10 180 221 0 221 0.4489
0.15 180 221 0 221 0.4489
0.20 180 221 0 221 0.4489
0.25 180 221 0 221 0.4489
5 0.30 180 221 0 221 0.4489
0.35 180 221 0 221 0.4489
0.40 180 221 0 221 0.4489
0.45 180 221 0 221 0.4489
0.50 298 103 0 103 0.7431
0.55 400 0 1 1 0.9975
0.60 395 0 6 6 0.9850
0.65 362 0 39 39 0.9027
0.70 309 0 92 92 0.7706
0.75 237 0 164 164 0.5910
0.80 211 0 190 190 0.5262
0.85 182 0 219 219 0.4539
0.90 180 0 221 221 0.4489
0.95 180 0 221 221 0.4489
1.00 180 0 221 221 0.4489
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3197 4.8 HamInaasayateyadonau Tavdansiiy ARC-BC Amaivmynisvida

MR 120
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 180 221 0 221 0.4489
0.05 180 221 0 221 0.4489
0.10 180 221 0 221 0.4489
0.15 180 221 0 221 0.4489
0.20 180 221 0 221 0.4489
0.25 180 22] 0 221 0.4489
0.30 180 221 0 221 0.4489
0.35 180 221 0 221 0.4489
0.40 180 221 0 221 0.4489
0.45 180 221 0 221 0.4489
0.50 298 103 0 103 0.7431
0.55 400 0 1 1 0.9975
0.60 395 0 6 6 0.9850
0.65 362 0 39 39 0.9027
0.70 309 0 92 92 0.7706
0.75 237 0 164 164 0.5910
0.80 211 0 190 190 0.5262
0.85 182 0 219 219 0.4539
0.90 180 0 221 221 0.4489
0.95 180 0 221 221 0.4489
1.00 180 0 221 221 0.4489
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M5197 4.9 wamsnaapayatoyatenu Tasdane3iy ARC-BC imaivayuiioviiaa

N 140
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 180 221 0 221 0.4489
0.05 180 221 0 221 0.4489
0.10 180 221 0 221 0.4489
0.15 180 221 0 221 0.4489
0.20 180 221 0 221 0.4489
0.25 180 221 0 221 0.4489
0.30 180 221 0 221 0.4489
0.35 180 221 0 221 0.4489 |
0.40 180 221 0 221 0.4489
0.45 180 221 0 221 0.4489
0.50 298 103 0 103 0.7431
0.55 400 0 1 1 0.9975
0.60 395 0 6 6 0.9850
0.65 362 0 39 39 0.9027
0.70 309 0 92 92 0.7706
0.75 237 0 164 164 0.5910
0.80 211 0 190 190 0.5262
0.85 182 0 219 219 0.4539
0.90 180 0 221 221 0.4489
0.95 180 0 221 221 0.4489
1.00 180 0 221 221 0.4489
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m131971 4.10 wamsnaaeagadoyadonau Tasdanesii ARC-BC Amaiumynioviiaa

MR 160
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 180 221 0 221 0.4489
0.05 180 221 0 221 0.4489
0.10 180 221 0 221 0.4489
0.15 180 221 0 221 0.4489
0.20 180 221 0 221 0.4489
0.25 180 221 0 221 0.4489
0.30 180 221 0 221 0.4489
0.35 180 221 0 221 0.4489
0.40 180 221 0 221 0.4489
0.45 180 221 0 221 0.4489
0.50 298 103 0 103 0.7431
0.55 400 0 1 1 0.9975
0.60 395 0 6 6 0.9850
0.65 362 0 39 39 0.9027
0.70 309 0 92 92 0.7706
0.75 237 0 164 164 0.5910
0.80 211 0 190 190 0.5262
0.85 182 0 219 219 0.4539
0.90 180 0 221 221 0.4489
0.95 180 0 221 221 0.4489
1.00 180 0 221 221 0.4489
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M397 4.11 wan1snaassgateyatonw Tasdanesny ARC-BC immivayuiooiiga

MINY 180
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 180 221 0 221 0.4489
0.05 180 221 0 221 0.4489
0.10 180 221 0 221 0.4489
0.15 180 221 0 221 0.4489
0.20 180 221 0 221 0.4489
0.25 180 221 0 22] 0.4489
0.30 180 221 0 221 0.4489
0.35 180 221 0 221 0.4489
0.40 180 221 0 221 0.4489
0.45 180 221 0 221 0.4489
0.50 298 103 0 103 0.7431
0.55 400 0 1 1 0.9975
0.60 395 0 6 6 0.9850
0.65 362 0 39 39 0.9027
0.70 309 0 92 92 0.7706
0.75 237 0 164 164 0.5910
0.80 211 0 190 190 0.5262
0.85 182 0 219 219 0.4539
0.90 180 0 221 221 0.4489
0.95 180 0 221 221 0.4489
1.00 180 0 221 221 0.4489
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4.2.1.2 HaMsNAanIYATeaTIN 1M 1ABVDIDaN3 N ARTC

M3197 4.12 mamsnaasdgatoyatonm Tavdaneiiy ARTC idmivmyuisoiga

MY 100
Limit Classifying new documents
confidence | Correct Miss classification| Unclassification| Incorrect Accuracy| Applicable rule
0.00 401 0 0 0 1.0000 18
0.05 401 0 0 0 1.0000 18
0.10 401 0 0 0 1.0000 18
0.15 401 0 0 0 1.0000 18
0.20 401 0 0 0 1.0000 18
0.25 401 0 0 0 1.0000 18
0.30 401 0 0 0 1.0000 18
0.35 401 0 0 0 1.0000 18
0.40 401 0 0 0 1.0000 18 o
0.45 401 0 0 0 1.0000 18
0.50 283 118 0 118 0.7057 58
0.55 400 I 0 1 0.9975 97 )
0.60 400 1 0 1 0.9975 99
0.65 400 1 0 1 0.9975 99
0.70 400 1 0 1 0.9975 99
0.75 400 1 0 1 0.9975 99
0.80 400 1 0 1 0.9975 99
0.85 400 1 0 1 0.9975 99
0.90 400 1 0 1 0.9975 99
0.95 400 1 0 1 0.9975 99
1.00 0 0 401 401 0.0000 0




59

M319% 4.13 wan1snaaoayadoyatoniiu Taudanesiiu ARTC Aimaudyuiiooiiga

N 120
Limit Classifying new documents
confidence | Correctl Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 401 0 0 0 1.0000 18
0.05 401 0 0 0 1.0000 18
0.10 401 0 0 0 1.0000 18
0.15 401 0 0 0 1.0000 18
0.20 401 0 0 0 1.0000 18
0.25 401 0 0 0 1.0000 18
0.30 401 0 0 0 1.0000 18
0.35 401 0 0 0 1.0000 18
0.40 401 0 0 0 1.0000 18
0.45 401 0 0 0 1.0000 18
0.50 283 118 0 118 0.7057 51
0.55 362 39 0 39 0.9027 88
0.60 351 50 0 50 0.8753 90
0.65 351 50 0 50 0.8753 90
0.70 351 50 0 50 0.8753 90
0.75 351 50 0 50 0.8753 90
0.80 351 50 0 50 0.8753 90
0.85 351 50 0 50 0.8753 90
0.90 351 50 0 50 0.8753 90
0.95 351 50 0 50 0.8753 90
1.00 0 0 401 401 0.0000 0
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M99 4.14 wanmsnaaoayadeyatoniu Taedanosiiu ARTC Ammivayuiosign

N 140
Limit Classifying new documents
confidence | Correct| Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 401 0 0 0 1.0000 18
0.05 401 0 0 0 1.0000 18
0.10 401 0 0 0 1.0000 18
0.15 401 0 0 0 1.0000 18
0.20 401 0 0 0 1.0000 18
0.25 401 0 0 0 1.0000 18
0.30 401 0 0 0 1.0000 18
0.35 401 0 0 0 1.0000 18
0.40 401 0 0 0 1.0000 18
0.45 401 0 0 0 1.0000 18
0.50 283 118 0 118 0.7057 39
0.55 329 72 0 72 0.8204 70
0.60 329 72 0 72 0.8204 70
0.65 329 72 0 72 0.8204 70
0.70 329 72 0 72 0.8204 70
0.75 329 72 0 72 0.8204 70
0.80 329 72 0 72 0.8204 70
0.85 329 72 0 72 0.8204 70
0.90 329 72 0 72 0.8204 70
0.95 329 72 0 72 0.8204 70
1.00 0 0 401 401 0.0000 0
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M3a7 4.15 wanmsnaaoayadoyatoniy Tavdanosiiu ARTC Amaivmyuiioviiga

A 160
Limit Classifying new documents
confidence | Correct] Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 401 0 0 0 1.0000 18
0.05 401 0 0 0 1.0000 18
0.10 401 0 0 0 1.0000 18
0.15 401 0 0 0 1.0000 18
0.20 401 0 0 0 1.0000 18
0.25 401 0 0 0 1.0000 18
0.30 401 0 0 0 1.0000 18
0.35 401 0 0 0 1.0000 18
0.40 401 0 0 0 1.0000 i8
0.45 401 0 0 0 1.0000 18
0.50 284 117 0 117 0.7082 28
0.55 322 79 0 79 0.8030 51
0.60 322 79 0 79 0.8030 50
0.65 322 79 0 79 0.8030 50
0.70 322 79 0 79 0.8030 50
0.75 322 79 0 79 0.8030 50
0.80 322 79 0 79 0.8030 50
0.85 322 79 0 79 0.8030 50
0.90 322 79 0 79 0.8030 50
0.95 322 79 0 79 0.8030 50
1.00 0 0 401 401 0.0000 0
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M13197 4.16 HamsnaaeagaTayatenI Tavdane3fiu ARTC iMmmiuayuiosiige

MINY 180
Limit Classifying new documents
confidence | Correct] Miss classification| Unclassification| Incorrect| Accuracy| Applicable rulej

0.00 401 0 0 0 1.0000 18
0.05 401 0 0 0 1.0000 18
0.10 401 0 0 0 1.0000 18
0.15 401 0 0 0 1.0000 18
0.20 401 0 0 0 1.0000 18
0.25 401 0 0 0 1.0000 18
0.30 401 0 0 0 1.0000 18
0.35 401 0 G 0 1.0000 18
0.40 401 0 0 0 1.0000 18
0.45 401 0 0 0 1.0060 18
0.50 289 112 0 112 0.7207 24
0.55 358 43 0 43 0.8928 34
0.60 358 43 0 43 0.8928 34
0.65 358 43 0 43 0.8928 34
0.70 358 43 0 43 0.8928 34
0.75 358 43 0 43 0.8928 34
0.80 358 43 0 43 0.8928 34
0.85 358 43 0 43 0.8928 34
0.90 358 43 0 43 0.8928 34
0.95 358 43 0 43 0.8928 34
1.00 0 0 401 401 0.0000 0
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M3197 4.17 wan1snaaegAteyatan Y

Minimum ARC-BC ARTC
support |[Frequent ltemse(JApplicable rule{Accuracy |[Frequent Itemset/Applicable rule|Accuracy
100 457 18 0.9975 129 18 1.0000
120 349 18 0.9975 120 18 1.0000
140 224 18 0.9975 99 18 1.0000
160 168 18 0.9975 75 18 1.60G0
180 114 18 0.9975 53 I8 1.6000
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a1y #antju Training Testing
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| 37U o 421 121
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4.2.2.1 HOMINABDIYATDYA CSTR Taudanainy ARC-BC

M131a% 4.19 HansnAaeagAToya CSTR Tausana3iin ARC-BC fimaiiuayuiiooiian

MINU10
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 0 121 0 121 0.0000
0.05 0 121 0 121 0.0000
0.10 0 121 0 121 0.0000
0.15 0 121 0 121 0.0000
0.20 0 121 0 121 0.0000
0.25 0 121 0 121 0.0000
0.30 9 112 0 112 0.0744
0.35 24 97 0 97 0.1983

1[ 0.40 44 77 0 77 0.3636
0.45 70 51 0 i 51 0.5785
0.50 83 29 9 B 38 0.6860
0.55 85 15 21 36 0.7025
0.60 81 4 36 40 0.6694
0.65 64 2 55 57 0.5289
0.70 36 2 83 85 0.2975
0.75 12 0 109 109 0.0992
0.80 3 0 118 118 0.0248
0.85 0 0 121 121 0.0000
0.90 0 0 121 121] 0.0000
0.95 0 0 121 121 0.0000
1.00 0 0 121 121 0.0000
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M15191 4.20 wanisnAaeIAToua CSTR Tavdanasiy ARC-BC Ammivayuiiosiiga

MINU20
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 0 121 0 121 0.0000
0.05 0 121 0 121 0.0000
0.10 0 121 0 121 0.0000
0.15 0 121 0 121 0.0000
0.20 0 121 0 121 0.0000
0.25 0 121 0 121 0.0000
0.30 4 117 0 117 0.0331
0.35 12 109 0 109 0.0992
0.40 28 93 0 93 0.2314
0.45 44 75 2 77 0.3636
0.50 57 61 3 64 0.4711
0.55 71 35 15 50 0.5868
0.60 i 20 24 44 0.6364
0.65 77 8 36 4+ 0.6364
0.70 48 3 70 73 0.3967
0.75 21 1 99 100 0.1736
0.80 6 0 115 115 0.0496
0.85 0 0 121 121 0.0000
0.90 0 0 121 121 0.0000
0.95 0 0 121 121 0.0000
1.00 0 0 121 121 0.0000
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M3 4.21 namsnaaagateya CSTR Tavdane3iiu ARC-BC Aimmivmyuiosiign

IMIAU30
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 5 115 1 116 0.0413
0.05 5 115 1 116 0.0413
0.10 5 115 | 116 0.0413
0.15 5 115 1 116 0.0413
0.20 5 115 1 116 0.0413
0.25 S 115 1 116 0.0413
0.30 5 115 1 116 0.0413
0.35 7 113 1 114 0.0579
0.40 20 100 1 101 0.1653
0.45 33 87 1 88 0.2727
0.50 57 60 4 64 0.4711
0.55 69 44 8 52 0.5702
0.60 72 32 17 49 0.5950
0.65 72 24 25 49 0.5950
0.70 54 18 49 67 0.4463
0.75 36 12 73 85 0.2975
0.80 20 10 91 101 0.1653
0.85 15 10 96 106 0.1240
0.90 15 9 97 106 0.1240
0.95 5 8 108 116 0.0413
1.00 5 8 108 116 0.0413
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m3137 4.22 wamsnaaeagadioya CSTR Taudana3 iy ARC-BC ifaivmyuioviian

IMNN140
Dominant Classifying new documents

factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 27 92 2 94 0.2231
0.05 27 92 2 94 0.2231]
0.10 27 92 2 94 0.2231
0.15 27 92 2 94 0.2231
0.20 27 92 2 94 0.2231
0.25 27 92 2 94 0.2231]
0.30 27 92 2 94 0.223]
0.35 27 92 2 94 0.2231
0.40 27 92 2 94 0.2231
0.45 29 90 2 92 0.2397
0.50 34 85 2 87 0.2810
0.55 51 65 5 70 0.4215
0.60 69 47 5 52 0.5702
0.65 80 30 11 41 0.6612
0.70 70 23 28 51 0.5785
0.75 51 20 50 70 0.4215
0.80 43 19 59 78 0.3554
0.85 41 19 61 80 0.3388
0.90 4] 18 62 80 0.3388
0.95 40 17 64 81 0.3306
1.00 27 1.7 77 94 0.2231
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M13197 4.23 HamsnaandgAdoya CSTR Tasdane3iin ARC-BC Nmmivayurioviige

NS0
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 38 75 8 83 0.3140
0.05 38 75 8 83 0.3140
0.10 38 75 8 83 0.3140
0.15 38 75 8 83 0.3140
0.20 38 75 8 83 0.3140
0.25 38 75 8 83 0.3140
0.30 38 75 8 83 0.3140
0.35 38 75 3 83 0.3140
0.40 38 75 8 83 0.3140
0.45 40 73 8 81 0.3306
0.50 41 72 8 80 0.3388
0.55 55 53 13 66 0.4545
0.60 63 42 16 58 0.5207
0.65 67 31 23 54 0.5537
0.70 66 23 32 55 0.5455
0.75 49 23 49 42 0.4050
0.80 42 23 56 79 0.3471
0.85 38 23 60 83 0.3140
0.90 38 23 60 83 0.3140
0.95 38 23 60 83 0.3140
1.00 38 23 60 83 0.3140
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4.2.2.2 namanaaeayatela CSTR Taudana3nu ARTC

193197 4.24 wan1sMARBIYATEYa CSTR Tavdaneifin ARTC Ammivmyuiooige

IMINU10
Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification|Incorrect| Accuracy| Applicable rule

0.00 102 19 0 19 0.8430 394
0.05 102 19 0 19 0.8430 394
0.10 102 19 0 19 0.8430 393
0.15 104 17 0 17 0.8595 388
0.20 104 17 0 17 0.8595 383
0.25 104 17 0 17 0.8595 405
0.30 95 26 0 26 0.7851 421
0.35 90 31 0 31 0.7438 467
0.40 69 52 0 52 0.5702 542
0.45 69 52 0 52 0.5702 616
0.50 79 42 0 42 0.6529 712
0.55 70 51 0 51 0.5785 781
0.60 71 50 0 50 0.5868 893
0.65 75 46 0 46 0.6198 977
0.70 75 46 0 46 0.6198 1092
0.75 73 48 0 48 0.6033 1210
0.80 73 48 0 48 0.6033 1280
0.85 72 49 0 49 0.5950 1289
0.90 72 49 0 49 0.5950 1290
0.95 70 51 0 51 0.5785 1189
1.00 0 0 121 121 0.0000 0
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M3137 4.25 wanmsnaaoayadoya CSTR Taudane3iin ARTC imaivmyuiiosiiga

INN20
Limit Classifying new documents
confidence| Correct] Miss classification Unclassiﬁcationllncorrcclj Accuracy| Applicable rule

0.00 91 30 0 30 0.7521 127
0.05 91 30 0 30 0.7521 127
0.10 91 30 0 30 0.7521 127
0.15 91 30 0 30 0.7521 127
0.20 90 31 0 31 0.7438 123
0.25 89 32 0 32 0.7355 119
0.30 88 33 0 33 0.7273 116
0.35 87 34 0 34 0.7190 112
0.40 85 36 0 36 0.7025 l‘l9
0.45 84 37 0 37 0.6942 124
0.50 78 43 0 43 0.6446 130
0.55 78 43 0 43 0.6446 135
0.60 77 44 0 44 0.6364 149
0.65 76 45 0 45 0.6281 154
0.70 78 43 0 43 0.6446 144
0.75 76 45 0 45 0.6281 134
0.80 77 43 1 44 0.6364 113
0.85 73 45 3 48 0.6033 99
0.90 74 44 3 47 0.6116 89
0.95 65 33 3 56 0.5372 72
1.00 0 0 121 121 0.0000 0
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A13197 4.26 HAN1sNARDIYATEYA CSTR TAudanesiiu ARTC iaaiumyuvioviiaa

MIAU30
Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrect| Accuracy| Applicable rule

0.00 78 41 2 43 0.6446 58
0.05 78 41 2 43 0.6446 58
0.10 78 4] 2 43 0.6446 58
0.15 78 41 2 43 0.6446 58
0.20 78 41 2 43 0.6446 58
0.25 78 41 2 43 0.6446 58
0.30 78 41 2 43 0.6446 58
0.35 77 42 2 44 0.6364 56
0.40 78 40 3 43 0.6446 55
0.45 79 38 4 42 0.6529 51
0.50 79 38 4 42 0.6529 49
0.55 80 37 4 41 0.6612 48
0.60 81 36 4 40 0.6694 47
0.65 76 41 4 45 0.6281 50
0.70 77 39 5 44 0.6364 46
0.75 77 38 6 44 0.6364 39
0.80 81 28 12 40 0.6694 32
0.85 81 28 12 40 0.6694 31
0.90 81 25 L5 40 0.6694 29
0.95 78 16 27 43 0.6446 21
1.00 0 0 121 121 0.0000 0
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M319h 4.27 namsnaasagadoya CSTR Tavdane3iiu ARTC Ammivmyuiiosiign

M40
Limit Classifying new documents
confidence| Correct] Miss classification| Unclassification| Incorrect) Accuracy| Applicable rule|

0.00 74 44 3 47 0.6116 30
0.05 74 44 3 47 0.6116 30
0.10 74 44 3 47 0.6116 30
0.15 74 44 3 47 0.6116 30
0.20 74 44 3 47 0.6116 30
0.25 74 44 3 47 0.6116 30
0.30 74 44 3 47 0.6116 30
0.35 74 44 3 47 0.6116 30
0.40 74 44 3 47 0.6116 30
0.45 76 40 5 45 0.6281 29
0.50 78 33 10 43 0.6446 27
0.55 77 30 14 44 0.6364 26
0.60 84 23 14 37 0.6942 22
0.65 82 24 15 39 0.6777 20
0.70 82 19 20 39 0.6777 17
0.75 80 16 25 41 0.6612 13
0.80 71 9 4] 50 0.5868 9
0.85 63 10 438 58 0.5207 8
0.90 59 9 53 62 0.4876 7
0.95 55 10 56 66 0.4545 3
1.00 0 0 121 121 0.0000 0
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M13137 4.28 HANINAADIEATEYA CSTR Taudane3inu ARTC inativayulioviia

NS0
Limit Classifying new documents
confidence| Correctl Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule|

0.00 72 41 8 49 0.5950 16
0.05 72 41 8 49 0.5950 16
0.10 72 4] 8 49 0.5950 16
0.15 72 41 8 49 0.5950 16
0.20 72 41 8 49 0.5950 16
0.25 72 4] 8 49 0.5950 16
0.30 72 41 8 49 0.5950 16
0.35 72 41 8 49 0.5950 16
0.40 72 4] 8 49 0.3950 16
0.45 74 36 11 47 0.6116 15
0.50 74 28 19 47 0.6116 14
0.55 70 25 26 51 0.5785 13
0.60 72 21 28 49 0.5950 12
0.65 68 19 34 53 0.5620 10
0.70 57 12 52 64 0.4711 7
0.75 48 11 62 73 0.3967 5
0.80 38 11 72 83 0.3140 4
0.85 22 10 89 99 0.1818 3
0.90 22 10 89 99 0.1818 3
0.95 22 10 89 99 0.1818 3
1.00 0 0 121 121 0.0000 0
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4.2.2.3 apmamsnaaes yavoya CSTR

MINHANIINAADIVBIATONA CSTR IdBNHANIINANDINATNgAYDINAAL

" "
=]

sanesiulundazmmivayuiosiigain 1diinisnaans Tasnamsnaaesnafigaiona

msnaaeaiiimAugndealumsimunlszinnenals (Accuracy rate) gaiign uazng
ar ar o o . ~ o o

anuduusRIFlun1ssuundszinnenals (Applicable rule) H$1uauiey Hans

naananangauaninalun1iai 4.29

M99 4.29 HanTnAneIgATeyA CSTR

Minimum ARC-BC ARTC

support [Frequent ItemsetiApplicable ruleAccuracykFrequent ItemsetijApplicable rule Accuracy
10 97664 394 0.7024 2546 383 0.8595
20 1242 127 0.6364 224 127 0.7521
30 169 59 0.5950 73 29 0.6694
40 44 30 0.6616 30 22 0.6942
50 18 16 0.5537 16 14 _% 0.6116

2INAI3eH 4,20 hdesai Iduaanaiiuns W11 Frequent ltemsetlu
Ui 4.9 Lﬂ'%'umﬁﬂ’ui‘hmuﬂgmmﬁ’uvTuﬁﬁH’"kums%muﬂﬂ'ﬁzmmaﬂmﬂugﬂﬁ 4.10

uaz3Ud 4.11 nfSouioudszdniammsiuunlsznmons

Minimum support

Frequent Itemset CSTR dataset —*— ARC-BC
—&— ARTC
. 120000
2
g 100000 .\—
‘§ 80000 \ " N
g 60000 i
Z \
Y
S 40000
E 5
£ 20000 -
=3
i 0 B X L 3 = -
10 20 30 40 50

31 4.9 nfSouifiou$119u Frequent ltemset uAnzmmivayuiosiigaueayaveya CSTR




—®— ARC-BC

Applicable rule CSTR dataset —— ARTC

500

400

RN E—
200 \ -

100 \"\ S -

Number of rule

10 20 30 40 50

Minimum support

4 =1 = o ar o o’-:;, o
U 4.10 WSsuifouinnunganuduiusildlunshuunlsznnenas

uAazmmivauwioviiqa vesgatoya CSTR

3 —*— ARC-BC
A y CSTR dataset
ccuracy rate atase ARTC
1 00 g e e i e gt S i RS
0.80 T
2 0.60 1
S |
5
&‘3 0.40
0.20 o
0.00
10 20 30 40 50

Minimum support

14 4.11 WSvuioudsednsammsiwunsziamends

uAazmmivayuieunga vesygadeya CSTR
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snmsil3ouidouranmsnaasadild wuilunn q meiuayuiooiae
§anv37y ARTC 5151149 Frequent Itemset 1190n18an03N1y ARC-BC an3319ano3nu
ARTC funmnnuduiug léfooniidanesiiy  ARC-BC ioRnsaniilszdngaimnis
Suundsznmenasnuisanesiy ARTC Sszd@niamnisiwundszinnendis1d
dnisanesi ARC-BC Tusunungaimduiuiildlunsswunlszinmenaisieoniy
9ana3 Ny ARC-BC Tunn 9 maiuayuioviiga sndufimaiuauutiooiigamisu 20 7

s

° s (Y " " I~ a a o
¥ innunganuduiusniii uasdilsnamlsz@ninmmsinmnlszinnienaisves

v s

$ane3nu ARTC NGIANI19ane3 Ny ARC-BC

4.2.3 yAvYoa K-dataset
YAT0ya K-dataset 191191 2340 19015 UUITOYA Training 1AL Testing HAAIN
M99 4.30

Tun1snaavayadoya K-dataset AUANDINY ARTC uiaz ARC-BC i 1&hms
19903 5 AT Taofmuammivayuiiosiigadio 20 30 40 50 uaz 60 MUAIRY LARINANS

v Y A [ 1 o o Y
‘nﬂaawmtmazﬂanmﬁnuamma:m‘mimma‘smm‘lﬂﬁ



M1319M 4.30 510a21BUATOUA Training LAY Testing YDIYATDIA K-dataset

79

iy ’fiamju Training Testing
1 Business 113 29
2 Entertainment 7 2
3 Art 19 5
4 Cable 35 9
5 Culture 59 15
6 Film 222 56
7 Industry 56 14
8 Media 16 5
9 Multimedia 11 3
10 Music 100 25
11 Online 52 13
12 People 198 50
13 Review 126 32
14 Stage 14 4
15 Television 149 38
16 Variety 43 11
17 Health 395 99
18 Politics 91 23
19 Sports 112 29
20 Technology 48 12
30 1866 474
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4.2.3.1 HONINABDIYATOYA K-dataset 1nudana3nu ARC-BC

M3197 4.31 HAN1INAADILATDIA K-dataset TAuSana3iiu ARC-BC maiuayuiioviign

AL 20
Dominant Classifying new documents
factor Correct| Miss classification | Unclassification | Incorrect| Accuracy
0.00 2 472 0 472 0.00421941]
0.05 2 472 0 472 0.00421941
0.10 2 472 0 472 0.00421941]
0.15 7 467 0 467 0.01476793
0.20 16 458 0 458 0.03375527
0.25 34 438 2 440 0.07172996
0.30 74 387 13 400 0.15611814
0.35 129 314 31 345 0.2721519
0.40 164 252 58 310 0.3459915¢6
0.45 186 187 101 288 0.39240506
0.50 188 143 143 286 0.39662447
0.55 161 109 204 313 0.33966245
0.60 138 75 261 336 0.29113924
0.65 117 57 300 357 0.24683544
0.70 93 35 346 381 0.19620253
0.75 53 23 398 421 0.11181435
0.80 28 15 431 446 0.05907173
0.85 8 11 455 466 0.01687764
0.90 5 3 466 469 0.01054852
0.95 3 0 471 471 0.00632911
1.00 2 0 472 472 0.00421941
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M15197 4.32 HANINARDIYATONA K-dataset Taudanasny ARC-BC manivayuiooiia

MY 30
Dominant Classifying new documents

factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 16 458 0 458 0.0338
0.05 16 458 0 458 0.0338
0.10 16 458 0 458 0.0338
0.15 16 458 0 458 0.0338
0.20 31 443 0 443 0.0654
0.25 62 409 3 412 0.1308
0.30 100 365 9 374 0.2110
0.35 138 309 27 336 0.2911
0.40 174 248 52 300 0.3671 )
0.45 181 203 90 293 0.3819
0.50 182 158 134 292 0.3840
0.55 175 112 187 299 0.3692
0.60 163 83 228 311 0.3439
0.65 147 67 260 327 0.3101
0.70 119 42 313 355 0.2511
0.75 80 29 365 394 0.1688
0.80 55 20 399 419 0.1160
0.85 35 13 426 439 0.0738
0.90 25 7 442 449 0.0527
0.95 24 4 446 450 0.0506
1.00 16 2 456 458 0.0338
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M31971 4.33 HANINAADIYATEYA K-dataset Taudan3iin ARC-BC maiumyuiioviia

MY 40
Dominant Classifying new documents

factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 54 415 5 420 0.1139
0.05 54 415 5 420 0.1139
0.10 54 415 5 420 0.1139
0.15 54 415 5 420 0.1139
0.20 73 395 6 401 0.1540
0.25 94 368 12 380 0.1983
C.30 120 341 2 354 0.2532
0.35 160 285 29 314 0.3376
0.40 192 210 72 282 0.4051
0.45 198 174 102 276 0.4177
0.50 188 151 135 286 0.3966
0.55 181 124 169 293 0.3819
0.60 177 94 203 297 0.3734
0.65 160 81 233 314 0.3376
0.70 141 58 275 333 0.2975
0.75 112 41 321 362 0.2363
0.80 92 30 352 382 0.1941
0.85 78 21 375 396 0.1646
0.90 74 10 390 400 0.1561
0.95 72 7 395 402 0.1519
1.00 54 5 415 420 0.1139
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M31971 4.3 HANINAADIATOYA K-dataset Taudanaiiin ARC-BC maiuayuiioviign

ALY 50
Dominant Classifying new documents

factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 93 368 13 381 0.1962
0.05 93 368 13 381 0.1962
0.10 93 368 13 381 0.1962
0.15 93 368 13 381 0.1962
0.20 104 357 13 370 0.2194
0.25 130 328 16 344 0.2743
0.30 153 303 18 321 0.3228
0.35 171 270 . 33 303 0.3608
0.40 207 197 70 267 0.4367
0.45 210 177 87 264 0.4430
0.50 203 162 109 271 0.4283
0.55 188 149 137 286 0.3966
0.60 176 122 176 298 0.3713
0.65 170 111 193 304 0.3586
0.70 168 96 210 306 0.3544
0.75 174 79 221 300 0.3671
0.80 148 63 263 326 0.3122
0.85 133 53 288 341 0.2806
0.90 130 41 303 344 0.2743
0.95 109 38 327 365 0.2300
1.00 93 36 345 381 0.1962
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M99 4.35 NAN1TNANBIEATOYA K-dataset Tagdanesnyu ARC-BC mimiuayuiooiida

M 60
Dominant Classifying new documents

factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 117 328 29 357 0.2468
0.05 117 328 29 357 0.2468
0.10 117 328 29 357 0.2468
0.15 117 328 29 357 0.2468
0.20 129 316 29 345 0.2722
0.25 162 280 32 312 0.3418
0.3C 163 279 32 311 0.3439
0.35 176 258 40 298 0.3713
0.40 194 189 91 280 0.4093
0.45 194 166 114 280 0.4093
0.50 195 155 124 279 0.4114
0.55 173 141 160 301 0.3650
0.60 169 134 171 305 0.3565
0.65 170 131 173 304 0.3586
0.70 168 122 184 306 0.3544
0.75 175 105 194 299 0.3692
0.80 155 93 226 319 0.3270
0.85 154 84 236 320 0.3249
0.90 150 74 250 324 0.3165
0.95 136 72 266 338 0.2869
1.00 117 71 286 357 0.2468
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4.2.3.2 HOMINARDIYATEYA K-dataset 1ABdand3 Ny ARTC

13197 4.36 nan1sNARDIYATEYA K-dataset Tnudane3fiu ARTC Aisnariuayuiiooiige

MY 20
Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 359 115 0 115 0.7574 481
0.05 359 115 0 115 0.7574 481
0.10 369 105 0 105 0.7785 472
0.15 373 101 0 101 0.7869 462
0.20 347 127 0 127 0.7321 448
0.25 297 177 0 177 0.6266 456
0.30 293 181 0 181 0.6181 456
0.35 300 174 0 174 0.6329 460
0.40 280 194 0 194 0.5907 470
0.45 253 221 0 221 0.5338 493
0.50 | 257 217 0 217 | 0.5422 466 |
0.55 245 229 0 229 0.5169 B 457
0.60 245 229 0 229 0.5169 435
0.65 246 227 1 228 0.5190 413
0.70 241 232 1 233 0.5084 387
0.75 242 231 1 232 0.5105 359
0.80 240 232 2 234 0.5063 323
0.85 24] 231 2 233 0.5084 289
0.90 237 235 2 237 0.5000 241
0.95 241 230 3 233 0.5084 193
1.00 0 0 474 474 0.0000 0
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¥ Y = = as 9/ {
M3197 4.37 HaMINAADIYATEYA K-dataset TAU8aNe3#in ARTC Amaiumyuiouiga

N 30
Limit Classifying new documents
confidence| Correct] Miss classification| Unclassification lncorrcctl Accuracy| Applicable rule

0.00 293 180 1 181 0.6181 200
0.05 293 180 1 181 0.6181 200
0.10 303 170 ] 171 0.6392 199
0.15 298 175 1 176 0.6287 196
0.20 297 176 1 177 0.6266 185
0.25 298 174 2 176 0.6287 175
0.30 300 171 3 174 0.6329 164
0.35 274 197 3 200 0.5781 159
0.40 264 206 4 210 0.5570 159
0.45 242 227 3 232 0.5105 163
0.50 243 225 6 231 0.5127 152
0.55 241 222 11 233 0.5084 141
0.60 242 217 15 232 0.5105 128
0.65 245 213 16 229 0.5169 119
0.70 239 215 20 235 0.5042 110
0.75 232 210 32 242 0.4895 99
0.80 225 208 41 249 0.4747 90
0.85 224 207 43 250 0.4726 80
0.90 222 207 45 252 0.4684 65
0.95 207 205 62 267 0.4367 42
1.00 0 0 474 474 0.0000 0




87

3 o = a Y Y 4
M3197 4.38 WANINAADIYATOYA K-dataset TAudane3fin ARTC Aimnmivayurioviian

N 40
Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 272 190 12 202 0.5738 108
0.05 272 190 12 202 0.5738 108
0.10 272 190 12 202 0.5738 108
0.15 270 192 12 204 0.5696 107
0.20 260 201 13 214 0.5485 102
0.25 249 206 19 225 0.5253 97
0.30 245 206 23 229 0.5169 89
0.35 249 201 24 225 0.5253 85
0.40 | 230 214 30 244 0.4852 84
0.45 218 229 27 256 0.4559 86
0.50 216 222 36 258 0.4557 82
0.55 207 219 48 267 0.4367 77
0.60 219 186 69 293 0.4620 69
0.65 219 183 72 255 0.4620 65
0.70 214 176 84 260 0.4515 58
0.75 209 173 92 265 0.4409 54
0.80 205 168 101 269 0.4325 50
0.85 201 162 111 273 0.4241 44
0.90 213 138 123 261 0.4494 34
0.95 189 86 199 285 0.3987 18
1.00 0 0 474 474 0.0000 0
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M13191 4.39 HOMTNARDIYATDYA K-dataset Taudane3niu ARTC Amaivayurioviiga

MY 50
Limit Classifying new documents
confidence| Correct] Miss classification| Unclassification| Incorrect| Accuracy| Applicable rule|

0.00 214 230 30 260 0.4515 64
0.05 214 230 30 260 0.4515 64
0.10 214 230 30 260 0.4515 64
0.15 214 230 30 260 0.4515 64
0.20 203 229 42 271 0.4283 62
0.25 215 217 42 259 0.4536 59
0.20 217 214 43 257 0.4578 56
0.35 224 203 47 250 0.4726 54
0.40 222 186 66 252 0.4684 50 o
0.45 221 192 61 253 0.4662 52
0.50 222 190 62 252 0.4684 51
0.55 223 177 74 251 0.4705 50
0.60 244 137 93 230 0.5148 45
0.65 247 132 95 227 0.5211 43
0.70 238 128 108 236 0.5021 39
0.75 236 124 114 238 0.4979 37
0.80 229 115 130 245 0.4831 33
0.85 226 104 144 248 0.4768 28
0.90 211 103 160 263 0.4451 22
0.95 185 53 236 289 0.3903 12
1.00 0 0 474 474 0.0000 0
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M13197 4.40 HAN1TNARDIYATEYA K-dataset Tagdaneiiy ARTC fimiiuayurioviiqa

M 60
Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule
0.00 178 238 58 296 0.3755 42
0.05 178 238 58 296 0.3755 42
0.10 178 238 58 296 0.3755 42
0.15 178 238 58 296 0.3755 42
0.20 174 222 78 300 0.3671 41
0.25 191 205 78 283 0.4030 38
0.30 191 205 78 283 0.4030 38
0.35 194 193 87 280 | 0.4093 36
0.40 193 173 108 281 [ 0.4072 - 34 ]
0.45 194 179 101 280 0.4093 35 O
0.50 196 171 107 278 0.4135 34
0.55 197 156 121 277 0.4156 33
0.60 196 138 140 278 0.4135 31
0.65 195 109 170 279 0.4114 30
0.70 194 110 170 280 0.4093 29
0.75 193 104 177 281 0.4072 27
0.80 189 98 187 285 0.3987 23
0.85 172 89 213 302 0.3629 18
0.90 167 76 231 307 0.3523 14
0.95 115 89 270 359 0.2426 8
1.00 0 0 474 474 0.0000 0




90

4.2.3.3 apnamInnaeaynvoya K-dataset

DINHANITNARDIVDIYATOYD K-dataset HIDNHANITNADDINANGAVDINA

azdanoinulunaazmaivayuiosigai Idinsnaass Tavnamsnaasandfiganona
et ¥

M3snaanInlaInugnABIlumsIuunlszinmends (Accuracy rate) §aNgA HAZNY

w d

anuduusn1Flunmssmunilszinnena1s (Applicable rule) I3 1uIUTeY 1Wanis

'
=

naapanaANaaLafnInaluA1519N 4.41

a

M3197 4.41 LARIHANITNARBITATELA K-dataset

Minimum ARC-BC ARTC
support [Frequent ItemsetijApplicable rulefAccuracy Frequent ItemsetApplicable rule Accuracy
20 4149 481 0.3966 801 462 0.7869
30 926 202 0.3840 256 199 0.6392
40 342 109 0.4177 126 108 0.5738
50 181 64 0.4430 72 43 0.5211
60 92 42 04114 47 33 0.4156

L

1INA3an 4.41 ideyai lduaaanaiiluns M 1uIu Frequent lemsetly
= =t = ° o o deq ¥ o -4
U 412 Wisudisuiaunganuduiusildlumsiwundsuanenmslugn 413

wazgUi 4.14 nfSeumsudszantammsiuunlszianionms

—¢— ARC-BC
Frequent Itemset K-datasets dataset B ARTC

— 5000
2
=
24000 X
S
= 3000
o
&
£ 2000 c
S
L
£ 1000
Z

0

20 30 40 50 60

Minimum support

P

JU% 4.12 uFeuMaUA1U9U Frequent Itemset WiaTAATLAYUBLNAA

218970 Ta4A K-dataset



600
500
400
300
200
100

Number of Applicable rule

o

—*— ARC-BC

Applicable rule K-dataset dataset
—®—= ARTC

20 30 40 50 60

Minimum support

51 4.13 Sungildluns S uunenmsudasmaivayuiooiiga

Accuracy rate

1.00
0.80
0.60
0.40
0.20

0.00

maaﬂgﬂ%y_a K-dataset

+ 3
Accuracy rate K-datasets dataset e ‘i‘gchC

|

20 30 40 50 60
Minimum support

3UM 4.14 nfSounoudszansnmmisiuumlszinnienas

uaazAmmivayuiooiiqe vesyadeya K-dataset
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nnMsTouiisuranisnaasanld nuilunn q maiuayuisvige

$anN03NY ARTC 131494 Frequent ltemset 1188A319aN03 11 ARC-BC 11#A3319an05 11

ARTC Aun1audunius 1a1ioon19ane3ny  ARC-BC ianasainydszanininms

3

' as

dane3iu ARC-BC lunn q manivayuioviiga

4.2.4 ¥AU03ya Reuters-Top10

=

= “

AR5 19N 4.42

M319N 4.42 310A2150AY0YA Training!iag Testing V913ATOYA Reuters-Top10

$unYsInMENaIsTNYII9aneshy  ARTC Hilszaninimnssundszinnenasa

Anvane3fin ARC-BC Tuswaunganuduiuiildlumsswunlszinmenmsisoni

ﬂi’fay,a Reuters-Topl0 131UIU 2775 190AT3 I.L‘ljd‘i‘fmg,a Training LD Testing LAY

aau %‘anq'u Training Testing
1 Acq 575 144
2 Corn 44 12 |
3 Crude 151 38
4 Eam 868 217 |
5 Grain 118 30 o
6 Interest 103 26
7 Money-fx 140 36
8 Ship 71 18
9 Trade 90 23
10 Wheat 56 15
37U 2216 559

¥
Tumsnaaeagadoua Reuters-Topl0 MSaNd3 Ny ARTC uaz ARC-BC wu léh

¥ "
MINAADI 5 A59 TausmuamMMiDaYUTpeNgAND 30 40 50 60 1AZ 70 MUAIAU HTAIND

¥
MINAADIVDUIAAZBANDI NULAZUARZAINITININDS Aane 11Tl



93

4.2.4.1 HOMINADDIYAVIYA Reuters-Top10 1npdano3iu ARC-BC

M3197 4.43 HANTMAABITATEYA Reuters-Top10 Inudanesin ARC-BC

RaraduayuleLgaminm 30

Dominant Classifying new documents
factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 0 559 0 559 0.0000
0.05 0 559 0 559 0.0000
0.10 0 559 0 559 0.0000
0.15 0 559 0 559 0.0000
0.20 4 555 0 555 0.0072
0.25 36 523 0 523 0.0644
0.30 104 454 1 455 0.1860
0.35 208 316 35 351 0.3721
0.40 295 148 116 264 0.5277
0.45 335 42 182 224 0.5993
0.50 302 8 249 257 0.5403
0.55 246 0 313 313 0.4401
0.60 188 0 371 371 0.3363
0.65 98 0 461 461 0.1753
0.70 22 0 537 537 0.0394
0.75 2 0 557 557 0.0036
0.80 0 0 559 559 0.0000
0.85 0 0 559 559 0.0000
0.90 0 0 559 559 0.0000
0.95 0 0 559 559 0.0000
1.00 0 0 559 559 0.0000




M13197 4.44 HANNINARBITATEYA Reuters-Top10 TnudaneTin ARC-BC

NAnauayuleungayiniu 40
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Dominant Classifying new documents
factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 0 559 0 559 0.0000
0.05 0 559 0 559 0.0000
0.10 0 559 0 559 0.0000
0.15 0 559 0 559 0.0000
0.20 0 559 0 559 0.0000
0.25 3 556 0 556 0.0054
0.30 34 518 7 525 0.0608
0.35 132 400 27 427 0.2361
0.40 249 214 96 310 0.4454
0.45 315 70 174 244 0.5635
0.50 298 15 246 261 0.5331
0.55 256 0 303 303 0.4580
0.60 200 0 359 359 0.3578
0.65 115 0 444 444 0.2057
0.70 25 0 534 534 0.0447
0.75 1 0 558 558 0.0018
0.80 0 0 559 559 0.0000
0.85 0 0 559 559 0.0000
0.90 0 0 559 559 0.0000
0.95 0 0 359 559 0.0000
1.00 0 0 559 559 0.0000




M1371971 4.45 HANNINAGBITATEYA Reuters-Top10 TntdANETAN ARC-BC

Arnatiuayuiatnaniviam 50
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Dominant Classifying new documents
factor Correct | Miss classification | Unclassification | Incorrect | Accuracy
0.00 0 559 0 559 0.0000
0.05 0 559 0 559 0.0000
0.10 0 559 0 559 0.0000
0.15 0 559 0 559 0.0000
0.20 0 559 0 559 0.0000
0.25 1 558 0 558 0.0018
0.30 25 331 3 534 0.0447
0.35 120 415 24 439 0.2147
0.40 23] a 244 84 - 328 0.4132
0.45 306 102 151 253 0.5474
0.50 303 28 228 256 0.5420
0.55 259 0 300 300 0.4633
0.60 201 0 358 358 0.3596
0.65 133 0 426 426 0.2379
0.70 31 0 528 528 0.0555
0.75 2 0 557 557 0.0036
0.80 0 0 559 559 0.0000
0.85 0 0 559 559 0.0000
0.90 0 0 559 559 0.0000
0.95 0 0 559 559 0.0000
1.00 0 0 559 559 0.0000




M3197 4.46 HaNINARDITATEYA Reuters-Topl0 Tnadanaiiiu ARC-BC

Anaiuayuipaigawinniu 60
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Dominant Classifying new documents
factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 0 559 0 559 0.0000
0.05 0 559 0 559 0.0000
0.10 0 559 0 559 0.0000
0.15 0 559 0 559 0.0000
0.20 0 559 0 559 0.0000
0.25 0 559 0 559 0.0000
0.30 22 535 2 537 0.0394
0.35 116 431 12 443 0.2075
0.40 213 274 72 346 0.3819
0.45 286 119 154 273 0.5116
0.50 304 36 219 255 0.5438
0.55 264 7 288 295 0.4723
0.60 207 2 350 352 0.3703
0.65 135 I 423 424 0.2415
0.70 33 1 525 526 0.0590
0.75 2 0 557 557 0.0036
0.80 0 0 559 559 0.0000
0.85 0 0 559 559 0.0000
0.90 0 0 559 559 0.0000
0.95 0 0 559 559 0.0000
1.00 0 0 559 559 0.0000




M990 4.47 HANINARDITATEYA Reuters-Top10 Tnudanasfis ARC-BC

NAraduaylaaaamniu 70
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Dominant Classifying new documents
factor Correct | Miss classification Unclassification | Incorrect | Accuracy
0.00 0 559 0 559 0.0000
0.05 0 559 0 559 0.0000
0.10 0 559 0 559 0.0000
0.15 0 559 0 559 0.0000
0.20 0 559 0 559 0.0000
0.25 0 559 0 559 0.0000
0.30 17 541 ] 542 0.0304
0.35 116 428 15 443 0.2075
0.40 211 276 72 348 0.3775
0.45 288 131 140 71 0.5152
0.50 297 45 217 262 0.5313
0.55 252 13 294 307 0.4508
0.60 205 3 351 354 0.3667
0.65 140 1 418 419 0.2504
0.70 37 1 521 522 0.0662
0.75 2 0 557 557 0.0036
0.80 0 0 559 559 0.0000
0.85 0 0 559 559 0.0000
0.90 0 0 559 559 0.0000
0.95 0 0 559 559 0.0000
1.00 0 0 359 559 0.0000




98

4.2.4.2 HAMINABDIYATDYA Reuters-Top10 laudanainu ARTC

M15197 4.48 HANTNARBITATEYA Reuters-Top10 Tnudaneifa ARTC

RAnaduayuipsRgaviiL 30

Limit Classifying new documents
confidence Correctj Miss classification| Unclassification| Incorrect| Accuracy) Applicable rule|

0.00 394 165 0 165 0.7048 525
0.05 392 167 0 167 0.7013 535
0.10 306 253 0 253 0.5474 599
0.15 101 458 0 458 0.1807 614
0.20 239 320 0 320 0.4275 579
0.25 253 306 0 306 0.4526 565
0.30 186 373 0 373 0.3327 609
0.35 224 335 0 335 0.4007 602
0.40 220 339 0 339 0.3936 609
0.45 227 332 0 332 0.4061 811
0.50 220 339 0 339 0.3936 977
0.55 221 338 0 338 0.3953 1034
0.60 219 340 0 340 0.3918 1183
0.65 218 341 0 341 0.3900 1352
0.70 218 341 0 341 0.3900 1404
0.75 218 341 0 341 0.3900 1519
0.80 217 342 0 342 0.3882 1493
0.85 217 342 0 342 0.3882 1519
0.90 217 342 0 342 0.3882 1662
0.95 217 342 0 342 0.3882 2330
1.00 0 0 559 559 0.0000 0




M15190 4.49 HAN1TNAGDITATEYA Reuters-Top10 Inedanes#in ARTC

RrnaiuayuipuRgawiniu 40
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Limit Classifying new documents
confidence| Correct] Miss classification| Unclassification| Incorrect| Accuracy| Applicable rule
0.00 376 183 0 183 0.6726 331
0.05 381 178 0 178 0.6816 337
0.10 332 227 0 227 0.5939 352
0.15 255 304 0 304 0.4562 355
0.20 360 199 0 199 0.6440 325
0.25 343 216 0 216 0.6136 315
0.30 149 410 0 410 0.2665 439
0.35 149 410 0 410 0.2665 436
0.40 146 413 0 413 0.2612 561
0.45 307 252 0 252 0.5492 732
0.50 230 329 0 329 04114 850
0.55 227 332 0 332 0.4061 930
0.60 220 339 0 339 0.3936 1086
0.65 220 339 0 339 0.3936 1231
0.70 220 339 0 339 0.3936 1304
0.75 220 339 0 339 0.3936 1462
0.80 220 339 0 339 0.3936 1452
0.85 221 338 0 338 0.3953 1451
0.90 221 338 0 338 0.3953 1372
0.95 220 339 0 339 0.3936 1611
1.00 0 0 559 559 0.0000 0
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M13190 4.50 LANNINARBITAYaYNA Reuters-Topl0 In8dANeTHn ARTC

NAraduayuiasngaviniu 50

Limit Classifying new documents
confidence | Correct| Miss classification| Unclassification| Incorrect| Accuracy| Applicable rule

0.00 356 203 0 203 0.6369 243
0.05 360 199 0 199 0.6440 243
0.10 358 201 0 201 0.6404 248
0.15 352 207 0 207 0.6297 248
0.20 367 192 0 192 0.6565 232
0.25 341 218 0 218 0.6100 225
0.30 148 411 0 411 0.2648 315
0.35 146 413 0 413 0.2612 308
0.40 146 413 0 413 0.2612 394
0.45 280 279 0 279 0.5009 525
0.50 228 331 0 331 0.4079 608
0.55 226 333 0 333 0.4043 642
0.60 220 339 0 339 0.3936 751
0.65 220 339 0 339 0.3936 823
0.70 219 340 0 340 0.3918 840
0.75 220 339 0 339 0.3936 861
0.80 220 339 0 339 0.3936 802
0.85 220 339 0 339 0.3936 750
0.90 220 339 0 339 0.3936 648
0.95 218 341 0 341 0.3900 480
1.00 0 0 559 559 0.0000 0




101

M319N 4.51 HAN1INARBITATEYA Reuters-Topl0 Tntdanasfu ARTC

RAnaduayuiaaNgAWinm 60

Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrect] Accuracy| Applicable rule

0.00 345 214 0 214 0.6172 189
0.05 345 214 0 214 0.6172 187
0.10 350 209 0 209 0.6261 190
0.15 350 209 0 209 0.6261 189
0.20 350 209 0 209 0.6261 184
0.25 326 233 0 233 0.5832 179
0.30 146 413 0 413 0.2612 241
0.35 147 412 0 412 0.2630 235
0.40 145 414 0 414 0.2594 296
0.45 239 320 0 320 0.4275 387
0.50 275 334 0 334 0.4025 442
0.55 225 334 0 334 0.4025 470
0.60 220 339 0 339 0.3936 550
0.65 220 339 0 339 0.3936 602
0.70 220 339 0 339 0.3936 597
0.75 220 339 0 339 0.3936 596
0.80 220 339 0 339 0.3936 554
0.85 219 340 0 340 0.3918 504
0.90 217 342 0 342 0.3882 429
0.95 217 342 0 342 0.3882 319
1.00 0 0 559 559 0.0000 0




M319N 4.52 HANINARBITATEYA Reuters-Topl0 InL8ANETAN ARTC

RAnavuayuiaafigawiniu 70
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Limit Classifying new documents
confidence| Correct| Miss classification| Unclassification| Incorrectf Accuracy| Applicable rule|

0.00 351 208 0 208 0.6279 138
0.05 351 208 0 208 0.6279 138
0.10 352 207 0 207 0.6297 138
0.15 352 207 0 207 0.6297 138
0.20 352 207 0 207 0.6297 138
0.25 352 207 0 207 0.6297 137
0.30 149 410 0 410 0.2665 184
0.35 149 410 0 410 0.2665 177
0.40 145 414 0 414 0.2594 225 -
0.45 248 311 0 311 0.4436 295
0.50 226 333 0 333 0.4043 334
0.55 224 335 0 335 0.4007 344
0.60 221 338 0 338 0.3953 394
0.65 220 339 0 339 0.3936 418
0.70 219 340 0 340 0.3918 406
0.75 220 339 0 339 0.3936 385
0.80 219 340 0 340 0.3918 353
0.85 219 340 0 340 0.3918 318
0.90 217 341 1 342 0.3882 268
0.95 217 341 1 342 0.3882 183
1.00 0 0 559 559 0.0000 0
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a

a's

able
about
above
according
accordingly
across
actually
after
afterwards
again
against
ain't

all

allow
allows
almost
alone
along
already
also
although
always
am
among
amongst
an

and

another
any
anybody
anyhow
anyone
anything
anyway
anyways
anywhere
apart
appear
appreciate
appropriatc
arc

arcn't
around

as

aside

ask
asking
ssociated
at
available
away
awfully

b

be
became

because

become
becomes
becoming
been
before
beforehand
behind
being
believe
below
beside
besides
best
better
between
beyond
both
brief
but

by

C

c¢'mon
c's

came
can

can't
cannot
cant

causc

causes
certain
certainly
changes
clearly

co

com

come
comes
concerning
consequently
consider
considering
contain
containing
contains
corresponding
could
couldn't
course
currently

d

definitely
described
despite

did

didn't
different

do
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does
doesn't
doing
don't

done
down
downwards
during

e

cach

edu

eg

ight

cither

elsc
clsewhere
enough
entirely
especially
et

ctc

even

ever

every
everybody
everyone
everything
everywhere

ex

exactly
example
except

f

far

few

fifth

first

five
followed
following
follows
for
former
formerly
forth
four
from
further
furthermore
g

get

gets
getting
given
gives

go

goes

going

gone
got
gotten
greetings
h

had
hadn't
happens
hardly
has
hasn't
have
haven't
having
he

he's
hello
help
hence
her

here
here's
hereafter
hereby
herein
hereupon
hers
herself

hi

him
himself
his

hither
hopefully
how
howbeit
however
1

1'd

ie

if
ignored
immediate
in
inasmuch
inc
indeed
indicate
indicated
indicates
inner
insofar
instead
into

inward
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1sn't
it
it'd
it'll

its
itself
J

just

k

keep
keeps
kept
know
knows
known
1

last
lately
later
latter
latterly
least
less
lest

let
let's

like

liked
likely
little
look
looking
looks
Itd

m
mainly
many
may
maybe
me
mean
meanwhile
merely
might
more
moreover
most
mostly
much
must
my
myself
n

name

namely

nd

near
nearly
necessary
need
needs
neither
never
nevertheless
new

next

nine

no
ncbody
non
none
noone
nor
normally
not
nothing
novel
now
nowhere
o
obviously
of

off

often

oh
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ok

okay

old

on

once

one

ones
only

onto

or

other
others
otherwise
ought

our

ours
ourselves
out
outside
over
overall
own

P
particular
particularly
per
perhaps
placed

please



plus
possible
presumably
probably
provides

q

que

quite

qv

r

rather

rd

re

really
reasonably
regarding
regardless
regards
relatively
respectively
right

s

said

same

saw

say

saying
says

second

secondly
see
seeing
seem
seemed
seeming
seems
seen

self
selves
sensible
sent
serious
scriously
seven
several
shall

she
should
shouldn't
since

six

S0

some
somebody
somehow
someone
something

sometime

sometimes
somewhat
somewhere
soon
sorTy
specified
specify
specifying
still

sub

such

sup

sure

t

than
thank
thanks
thanx
that
that's
thats
the

their

theirs
them
themselves
then
thence
there
there's
thereafter
thereby
therefore
therein
theres
thereupon
these
they
they'd
they'll
they're
they've
think
third

this
thorough
thoroughly
those
though
three
through

throughout
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thru
thus

to
together
too

took
toward
towards
tried
trics
truly

try
trying
twice
two

u

un
under
unfortunately
unless
unlikely
until
unto

up

upon
us

use
used

useful

uses
using
usually
uucp
v

value
various
very
via

viz

Vs

w

want
wants
was
wasn't
way
we
we'd
we'll
we're
we've
welcome
well
went
were
weren't
what

what's

whatever
when
whence
whenever
where
where's
whereafter
whereas
whereby
wherein
whereupon
wherever
whether
which
while
whither
who
who's
whoever
whole
whom
whose
why

will
willing
wish

with
within

without
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won't
wonder
would
would
wouldn't
X

¥y

yes

yet

you
you'd
you'll
you're
ycu've
your
yours
yourself
yourselves
z

Zero
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(1) C, = {Catcgory and their support}

(2) Ly =— {c € Co|support > min_supporn}
(3) €, =— [Feature l-itemset and their suppont}
{(4) Ly =— {c € C,|support > min_support}
(5) C, =— Gen 2 _ltemsets (Ly , L))

(6) T =— Jc € C; support>min_support}
(7)OL,=— Find Overlap_ltemset (T)

(8) L, =— T-OL;

(¥) DBy*— Cut_Useless DB_Record (DB,, OL)
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(11)For (k=3; 01, # @ ;k++)

(12) {C =— Gen_k_ltemsets (OL,, , ML)

(13) Ly =— [c € Cy|support > min_support}

(14) OLy =—Gen_Overlap Itemsets (OLy, )

(15) DBy «—Cut_Useless_DB_Record (DBy; ,

OLy)}

(16iSingle_SetOfRule<— {L. Ly.... Ly}

(17)Multi_SetOiRules—JOL;, OL, , ..., OL}

(18)Single Rules - ¢
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e
| L2}

1(22)end
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(24) {Multi Rulese— AL A Ly,
leC.C,....Cp
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(25)end
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Text Categorization using
A New Association Rule-Based Text Classifier Algorithm
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dUwnlpamsduninonmsvesinnaTiy  Association
Rule-based  Classifier By Categories (ARC-BC)
unzaanaiiy Assoviation Rule-based Classifier with
All Categories (ARC-AC) Tnadano 3y b tiumun
B:J‘J‘rf!'.lﬂ')u nﬁlnunmu (Frequent  itemsets) 2 YA r“l'n
(L rﬁ.crnun"i'nmm-'m)'lllﬁuqmr?num: (Feature) vou
senirs A gy

(Overlap)  funqula 919

& )
doiinuninnuidae Lo 2Timnof ooy
AuADNUE YO N MRy URUAL A IeAqY |F

>

v - - v . o me e W ¥ et
dganyaiunuA 2 OL, Fanudieis Tadususiinig

4 - . »
iwovprwduus  (Join) uyuImiszn i Teomaa
(ltemsets) ¥o4  OL, HONINADOIN IAIAAIAIN TN

. . et L o

gnostumisdwundizimanas Tdinddana iy
ARC-BC unz ARC-AC

Abstract

This paper proposes a new Associution Rule-
Based Text Classifier algorithm to improve the
prediction accuracy  of  Association  Rule-based
Classifier By Categories (ARC-BC) algorithm and

Association Rule-based with All Categories (ARC-
AC) algorithm. Unlike the pervious algorithms. the
proposed association rule generation algorithm
construcls two types of frequent itemsels. The first
Srequent itemsies, i.e. Ly contain all term that huve
ne an overlap with other categories. The second
Jrequent itemsets, i.e. OL,, contain all fealires that
have an overlap with other categories In addition,
this paper also propuosed a new jein operation for the
second frequent ilemstes. The experimental results
are shown a good performance of the proposed
classifier.

Key Words: Tex! categorization; Classification:
Association rule discovery; Text mining.
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[(1)for each new documents

(R<- ¢

{3)for each Rule

(4) if feature_new_doc < Rule

(5) R=rule %rule cRule

(6) end

(7) group R by category: Ry,Rz.-.R,

|(8) for each R

(9)  sum the confidences of rules and divide

i by the number of rules in R i

(10) sum the support of rules and divide by the |

‘ number of rules in R i

(11)end |

(12) if 1 group has highest number of rule |

(13) put the new document in the class that
has highest number of rule in group.

(14) i more 1 group has highest number of
rule

(15) put the new document in the class that

has highest confidence sum.

(16) if more 1 group has highest confidence
| sum

‘1“7) put the new document in the class

‘ that has highest support sum.
(18) end

1(29) next new document
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He, S., Gildea, D.J., “Semantic Labeling by

Maximum Entropy Model”, TR847, Computer

Science Dept., U. Rochester, September

2004.

04.tr847rev.Semantic _labeling by maximum
entropy model pdf

Keywords: language understanding,
maximum entropy; semantic roles.

In this paper, we present the results for
semantic labeling, extending the work of
|Gildea and Jurafsky, 2002], [Fleischman
et al., 2003], [Pradhan et al., 2004], and
others. The main labeling approach is
based on Maximum Entroopy. We show
the performance of the baseline system
as well as those by applying coreference
resolution, stemming and feature
combinations to the feature files.
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Text Categorization using
a New Text Association Rule-Based Classifier

Supaporn Buddeewong and Worapoj Kreesuradej

Faculty ot Information Technology
King mongkut's Instituie of Technology Ladkrabany.
Bangkok, 10520 Thailand.

Abstract. This paper proposes a new associahon rule-based Classitier algorithm o improve the
prediction accuracy of Association Rule-based Classilier By Categories (ARC-BC) algorithm. Unlike
the previous algonithms, the proposed assoviation rule generation algorithm construcls two types of

frequent itemsets. The first frequent itemset

ie. Ly, contain all term that have no an overlap with

other categories, The second frequent itemsers, i.e. Ol contain all features that have an overlap with
other categories. In addition, this paper also proposes a new join operation for the second frequent
itemsets. The expenimental results are shown o good performance of the proposed classifier

Kevwordy. Teat Categorization: Text mining; Classification, Association rule.

I. Introeduction

Text catlegorization task is defined us assigning category labeis
10 new documents based on their contents. Text categorization
research has a long history, starting in early 1960s. There are
several lext categorization approaches have been proposed
such as neeral networks, penetic algorithms and probabihisiic
models, support vector machine

Revently,  Association  Rule-based  Classifier By
Categones (ARC-BC) algorithm 4. 5] that 1s based on
association rule mining approach have been proposed. These
classifiers have been proven to powerful. In addition. these
classificrs produce clear and understandable results. However,
an algorithm can not work well for the single-class document
that has some terms of document mutually associated with
other class. As a result, an algorithms may inconectly classify
those single-class documents. Therefore, this paper proposes a
new association rule-based classitier algonthin 1o improve the
prediction accuracy of ARC-BC algorithin.

This paper i1s orgamized as toilowing. The sccond
section gives the overview of a fext categonzation with
association rule. In the third section, we introduce our new
text categonzation 2pproach.  Experimental results are
described in Section 4. We summarize our rescarch and tuture
work 1n the fifth Section.

2. Text categorization with association rule

The construct process of an associative classifier s shown in
figure |.

Here, the training set is a document collecion. A
document D, of the collection is d 1o a set of categories
C = {¢y. €3, €y ..., Cw}. Al preprocessing phase. The set of
term T = {u, t2, ty, ... t,} of document D, is retained after term
pruning and stemming. Then, a document D, 1s model as the

tollowing
Dy e iy G O by ey Lahe

Training

|
v

Preprocessing i
Phase |

Association
¢+ Rule Mining
| E——
hd

e |
I Associalive !
| Classifier |
| P S

Testing

sel

i
1

Figure |. Associahon classification method [5]

I'he next step is the generation of association rule. At
the associative rule mining, a set of rules that associate the
terms of a document and 1ts categonies is extracted from the
training duta by using an aprion-based algorithm. However,
the association rules are constrained in that the antecedence
has 10 be a conjunction of term from T, while the consequence
of the rule has member of C.

After penerating the set of rule, an important step s
building and validating an associative text classilier. Recently,
Association Rule-based Classifier By Categories (ARC-BC)

Proceedings of the International Conference an Computer and Industrial Management, 1CIM, Qctober 29-10, 205, Bangkak, Thailond
8.1




142

algorithm is proposed 10 build an associative wxt classifier.
Mcthod of ARC-BC considers cach set of documents
belonging to vne catcgory as a scparate text collection to
generate association rules. 1f a document belongs to more than
one catepory, this document will be present in each set
associated with the categories that the document falls into
Iowever, both algorithms may fail 10 classify a single-class
document that has some terms of document mutually
associated with other class. Therefore, in this paper, we
propose a new lext rule-based classifier to deal with such
problem. The new text association rule-based classifier is
presented in the next section.

3. Categorization using a new association rule-based
classifier

A new algorithm for a association rule-bascd classificr 1s
mtroduced.  Our  algorithm  is  proposed  to deal  with
misclassifving problem of a single-class document that has
some terms of document inutually associated with viher class.
lHere, a new algorithm lor association rule generanon and a
new catcgorization algorithm based on the new set of rules is
proposed

4.1 Association rule generation

Like typical apriori-hased algorithms. our associstive rules are
generated from frequent itemsets. Therefore, frequent emsers
arc constructed in order 10 get the set of associative rules
However. unlike the previeus algorithms, our  method
constructs two tvpes of frequemt itemsets. The first frequent
itemscts, 1.c. Ly, contain all term that have no an overlap wath
other categorics. The sccond frequent stemsets, te. ULy,
contain all features that have an overlap with other categories

Basically, any frequent itemsets has o include a
category label starting from 2-itmesets 1o k-itemsets. For the
first frequent itemsels, 1. s constructed using apriorn join. As
an example, Ly is constructed by using aprion join between 1.
yand Ly, In this paper, a new join operation for the second
frequent itemsets, 0Ly, is propused.

For the new join operation, any two ems in an nemsel
can be jomned if they have the same category. The examples of
both of aprior join shown in figure 2 and the new join shown
in figurc 3. For figure 2, figure 3 and figure 3. We use the
model of document as

D, = o ocnabe,. 2}

Document 1, consists of category label. ¢..cx.c Term
of document are represent by charmcier, a-z.

In addinion, the algorithm, called ARTC, for generating
association rules are shown in figure 4.

oL, 0L,

cgr s
s =S cigrs
1S
cugr
s
Cars

Minimum support

Figure 2. Aprior join

[ ML L.
Crs c:m cxgrsm
cqrs eon | > | c4rsn

i oot G LES
i Minimuim cigrsy
2 support

Figure 3. ARTC jom

In our algorithim, T set is generated from Lq and L,
using aprion join. L, 1s o set of categories that sansfies by
support threshold and Ly is a set of terms that satisty by
support threshold. Then, Ly is generated form T ser. Next.
frequent itemsets starting from L to Ly are gencrated by OL,
Join ML. ML includes all iemsets that have the same category
in OLy .Figure 3 shows an example of T, L, OL; and ML.

T L; Ol ML

ce e o c;m
e f of c.r cn
can = cm (91 X
cn ©n 9 Y
oy X or

c.r c;¥ €S

cs

o

cr

cis

X

Figure 3 Sample of T, Ls, OLy and ML

(N Cy =+ {Category and therr suppon |

(2) Ly =— lc € Cyf support > min_suppon |

(W, =— {Feature |-itemset and their support ]

(4) L, =—{c € C;|support > min_support}

(5)Ca =—Gen 2 ltemsets (Ly , L))

(6) T =—Iic € C.!support > min support)

(7Y OL.=— Find_Overlap_liemset (T)

(%)l =—T-OL:

(9) DB;=— Cul_Uscless_DB_Record (DB, OL3)

(10) MI=+— Select_ltemset(OL;.L;)

(1) For (k=3 0L, # ¢ 1k+4)

(12) {Cy, =+— Gen k lemsets (Ol , ML)

(13) Ly =— lc € G support > min_support]

(11) OLy=— Gen Overlap Itemsets (OLy,.)

(15) DBy =— Cut DB Record (DByu.,O14) }

(16) SctOfRule «— [y, Ly, ... Li.OL,OL,... 0Ly }

(17)Rules = ¢

(18)For each 1tem in SertOfRule do

(19) {Rules=—uALA 4, =2Citis
lcature of document and C is label of
class, i€ 1.2 p}

(20hend

Figure 4 Algonrthin for generating association rule

Special Issue of the Inrernational Jowrnal of the Computer, the Internet and Management, Yol 13 No.SP2, October, 205
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3.2 Prediction of classes association with new document
After obtaining a set of associative rules, an associative
classifier mukes use of the set of associative rules in the
prediction of classes for new documents. The algonthm for
classifying a new document is shown in figure 5. Basically,
the algorithm take fearure terms form each new document to
compare with cach rule in set of rule. If all fearure terms are
matched with the rule, that new document is classify by that
rule.

(1)for each new documents B

()R< ¢

(3)for each Rule

@) if feature_new_doc C Rule

(5) R=rule % rule €Rule

(6) end

(7} group R by category: Ri,Rz... R,

(8) for each R

(9) sum the conflidences of rules and divide

by the number of rules in R
(10) sum the support of rules and divide by the
number of rules in R
{11)end
{12) if 1 group has highest number of rule
{13) put the new document in the class that
has highest number of rule in group.
{14) il more 1 group has highes: number of rule
{15) put the new document in the class that
has highest confidence sum.
(16) if more 1 group has highes! confidence sum
(17} put the new document in the class
that has highes! support sum.
(18) end
L[ZQ) rext new document

Figure 5. Algorithm for classifving a new document.
4. Experimental results

In this seccuon, the experimental results of  document
classification using 1ex1 rule-base classifier are reported

For our experiment, we use data gencrated dataset and
Computer Science Technical Report coilection dataset (CSTR)
datasct for test our algorithm. To evaluate the proposed
zlgorithm, we use classification accuracy rate of classification

Data generated datasct is the data text that we generaled
for basic testing our algorubm. The dataset divided ino 3
Cutegory: Catcgoryl, Category2 and Carcgoryd. Verm diagram
of featuse term is shown in figure 6. We gencruted 3 dowset,
cach dataset contained 1000 documents. For cach dataset. the
truning data consists of 800 documents and testing data
consists of 200 documents. Some of data generated documents
are shown in rable |

The table 2 showed the accuracy rate of classification
by ARC-BC and ARTC algonithm. The accuracy rate from
ARTC algonthm is more than that from ARC-BC algonthm.

database
oracle

normalizatior

Figure 6. Venn diagram of features term

Table 1. Some data generated documents and category.

N ¢ Feature of document Category B
b tirewall, fip, web, xml 2 i
| daabase_oracle, web. proweol [ 3
3 i web, xml. protocol, mail, fip 2
4! nommalization. vracle. 3
i daabasexml - oo e
5| database, oracle, normalization
6 | tour. management. market, hotel -
7 management, hotel, tour, money | 1
LI hotel, tour. money |
9 oracle, web, database 3
M0 L fip, firewall. manl 2

Table 2. Data gencrated experimental result

Datasct Accuracy rate (%) !
ARC-BC ARTC ;

I 48.5 100
2 I 100 |

CSTR data set is the absiracts of URCS 1echnical
repons published i the depariment of computer science at the
University of Rochester between 1987 and 2005, It has been
use in [1, 3,4, 5] for text categorization und clustering. The
dataset contained 472 abstracts, which were divided nto four
research areas: Al, Robotics and Vision, Systems and Theory.
The set of keywords of a documents is used on the ser of term.
T = {t.1h... .t} of document

CSTR document is shown n figure 7. IU's an abstract
from 472 documents. Each document consists of ttle
keywords and abstract.

Proceedings of the International Conference on Computer und Industrial Management, ICIM, October 29-30, 2005, Bangkok. Thailand
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Shaw, J.. "Predictive Coding with Temporal

Invariance”, TR859, Computer Science Dept., U. |
Ruochester, March 2005. -
05.1r%59 Predictive_coding with_tempyral_invarance.pdf |

Keywords: temporal invarance; predictive coding; |
unsupervised learning.

Predictive coding and temporal invariance are two |
major unsupervised Jeaming principles which have been used |
10 explain the behavior of pants of the brain (most notably the |
striale cortex). Although both have been around for a number |
of veurs, no fonmal relationship beitween thein has been i
established. We prove that temporal mvariance is a form of |
predictive coding. To do this, we begin with the goal of |
predictive coding, make a sct of assumptions about the ¢lass of
problem we are dealing with, and derive temporal invanance
from the predictive coding goal and our added assumptions |

Figure 7. CSTR document

CSTR experimental results are shown in table 3.

R ARC-BC ARTC |
A 6522 9565
Syslems 93.34
Robotics and Vision . 9259
_Theory 89.74 97.43
AN 8093 L 9508 )

The wble 3 shows the accuracy rate of classification by
categuries that are piven by ARC-BC algorithm and ARTC
algorithm. In addition, the last line from table 3 also shows the
total accuracy rute of the CSTR dataset. The accuracy rate
from ARTC ulgorithm is more than that from ARC-BC
alzorithm.

S. Conclusion and future work

In this paper, we introduce the new algonthm tor text
cateporization, Association  Rule-Based  Text  Classifier
algurithm (ARTC). According to the cxperimental results,
ARTC algorithn shows good performance in classifying the
data. In the future. we will further conduct experimentations
on k-datasets and Reuters-1opl0 collection datasets w evaluate
the performance of the algonthm,
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A New Association Rule-Based
Text Classifier Algorithm

Supaporn Buddeewong' and Worapoj Kreesuradej?
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Bangkok, 10520 Thailand
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Abstract

This paper proposes a new association rule-based
text classifier algorithm o improve the prediction
accuracy of Association Rule-based Classifier By
Categories (ARC-BC) algorithm. Unlike the previous
algorithms, the proposed association rule generation
algorithm constructs two types of frequent itemsets.
The first frequent itemsets, i.e. Ly contain all term that
have no an overlap with other categories. The second
Jrequent itemsets, i.e. OLy contain all features that
have an overlap with other categories. In addition, this
paper also proposes a new join operation for the
second frequent itemsets. The experimental results are
shown a good performance of the proposed classifier

1. Introduction

Text categorization task is defined as assigning
category labels to new documents based on their
contents. Text categorization research has a long
history, starting in early 1960s. There are several text
categorization approaches have been proposed such as
neural networks, genetic algorithms and probabilistic
models, support vector machine.

Recently, Association Rule-based Classifier By
Categories (ARC-BC) (3, 4] algorithm is proposed 10
build an associative text classifier. ARC-BC algorithm
considers each set of documents belonging to one
category as a separale text collection to generate
association rules. If a document belongs to more than
one category, this document will be present in each set
associated with the categories that the document falls
into. However, the algorithms may fail to classify a
single-class document that has some terms of
document mutually associated with other class.
Therefore, in this paper, we propose a new association
rule-based text classifier to deal with such problem.
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This paper is organized as following. The second,
we introduce our mew text categorization approach.
Expenimental results are described in Section 3. We
summarize our research and future work in the forth
Section.

2. A New Association Rule-Based Text
Classifier Algorithm

Here, a new algorithm for association rule
generation and a new categorization algorithm based
on the new set of rules is proposed.

2.1. Association Rule Generation

Like typical apriori-based algorithms, our
associative rules are generated from frequent itemsets.
Therefore, frequent itemsets are constructed in order to
get the set of associative rules. However, unlike the
previous algorithms, our method constructs two types
of frequent itemsets. The first frequent itemsets, i.e. L,
contain all term that have no an overlap with cther
categories. The second frequent itemsets, j.e. OL,,
contain all features that have an overlap with other
categories.

Basically, any frequent itemsets has to include a
category label starting from 2-itmesets to k-itemsets.
For the first frequent itemsets, L, is constructed using
apriori join. As an example, L, is constructed by using
apriori join between Ly, and Ly,. In this paper, a new
join operation for the second frequent itemsets, OL, is
proposed.

For the new join operation, any two items in an
itemset can be joined if they have the same category.
The examples of both of apriori join and the new join
(ARTC join) are shown in figure 1 and figure2. In
addition, the algorithm, called ARTC, for generating
association rules are shown in figure 3.
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Figure 2. ARTC join

abstracts, which were divided into four research areas:
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Figure 4. Sample of T, L,, OL, and ML

Here, we use classification accuracy rate for
evaluation. Training set and testing set of each
category and experimental results are shown in table 1.
Table 1.Experimental results

Il G, ] supy

| Category Accuracy rale
_Find Cvediy ARC-BC ARTC
G =2 _f\:: e i Al 65.22 % 95.65 %
ol Selee g o 1 Systiems B7:88% D%
R el d ; Robctics and Vision 70.37 % 92.59 %
(11} Forfk-s10L, & ¢ . - Theory 89.74 % 97.43%
12y i All 80.33 % 95.08 %

(13)

Figure 3. ARTC algorithm

In our algorithm, T set is generated from Ly and L,
using apriori join. Ly is a set of categories that satisfies
by support threshold and L, is a set of terms that satisfy
by support threshold. Then, L, is generated form T set.
Next, frequent itemsets starting from L; to Ly are
generated by OL,, join ML. ML includes all itemsets
that have the same category in OL, .Figure 4 shows an
example of T, L,, OL, and ML.

3. Experimental Results

For our experiment, we use Computer Science
Technical Report collection dataset (CSTR) to evaluate
our algorithm. CSTR data is the abstracts of URCS
technical reports published in the department of
computer science at the University of Rochester
between 1987 and 2005. The dataset contained 472

4. Conclusion and Future work

In this paper, we introduce the new algorithm for
text categorization, Association Rule-Based Text
Classifier algorithm (ARTC). According to the
experimental results, ARTC algorithm shows good
performance in classifying the data. In the future, we
will further conduci experimentations on the other
datasets 10 evaluate the performance of the algorithm.
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