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ABSTRACT

This thesis proposes text simplified ARTMAP neural network. The proposed neural
network, based on the concepts of simplified fuzzy ARTMAP neural network, text adaptive
resonance theory neural network, and similarity measure for symbolic objects, works directly on
textual information without mapping text data into some representation which has quantitative
features. This algorithm can receive qualitative value directly without mapping into numerical

value. The proposed neural network can assign class labels to the text data correctly.

11



naanssulszma

¥
A o

o a o o " Y = Yo =2 Vv : o d’
']‘VIEI'IHT'IN'ESI'lJ"lJl.lﬂH'i"l]i}ﬁ'NvlﬂﬂUW\‘lﬂ ﬂ?Uﬂ'liGl'Hﬂ"l'L"iﬂ‘HWWSBNTNFI'I‘BHNSLL‘N')‘VHQ

¥
Y '

“a o a [~ s 4
nMsudilyn1ue I ToA AT UAUIUIAT VANYTDI9IN WALAS TN N5 gAY Fuily
< Y - =Y d Yaaw Y ; a ]
9191504RWAVINGIINUS AITeidnaudalunuoyns iz IuLAZ VBV UNS YA
Wuethaga
=Y - Yo w Vo =)

vovounszRuUa-usa Aneulnmailsuazlvaninunlavaaen

YDYDUNIZAMDINIIINUNT Aadnd nasoldmidaly TddUSnumazanivayu
" 9 o =1
Mldneouazginininisiou

YDVDUNIZAW 57.A9.9137 5351 U AR umIIing miwss Tonilumsiise

o = » :; b a q( = 1

YoV UAUAINISIANZMA T Taoms aumemnu A sz ansilszamizinnug

a9 e 111952 Temnilunmsinane
¥ ¥ A - ' —q ¥ )

YoUdUAMNIHIINAmzINA Iy Tasmsaumanniu Nlvdasslinnuazainluns

M9
o ar s Sa q. Yo @ 3o =
VOUBUANDNIITTAINI Y 81T IU Neeolnhalumz IianlSawn
1:; =Y U :; A:i Yo w o o

vovauaung Usymueniui 1 noaunlviaalumzduuzih

YOUBUAMINOU W01 {11ANI5 Data Mining & Data Exploration Laboratory 112
ﬁmﬂﬁﬁ'ﬁmi Computational Intelligence Laboratory ﬁﬂaﬂ“lﬁﬂ';1u=1i'zuxwﬁa ANMZU ua:“lﬁ'
Maalaranuasiuaaoau

YOUB UMY IING Ao 1 BAQUITIAIN A IinuaduayulumsSsuszaulsygn

o

1 Y
Tnungide

r
e — =

YOUDUANUUNAIMYIAY N 19 IHNUgANYUMTRIIMIENUTUNGI0

pila a3feminausluiidnerinufatuiinu druniansziinild
#091/{17@N15 Data Mining & Data Exploration Laboratory aszina TuTadassume an1tiu
maTulatnszeeundudnunmsaiansziiy

b
Qs "

' rd a a g Ya 3 0
AuAuazlsz TeaninnInetinusil AI5ovououIARLNTZAMNNIIY

a o
NWIIHNT ADIAND

11



W
UNAATONTHING oo I
UNAATDNTHIOMNNY . ooooeeeeeoeeeeeeseesee s eee oo Il
DAANTTUUTEMIF oo 11
G 2 v
NTUTYMTT N oo eeeoee e VIII
AITURYTU oo X1
T BT D™ e 1
L1 anuilunwmaen i ueai MY L 1
1.2 A ANINEU0E TS S AaRUBINIT AN oo e 2
1.3 OGNS auaAan I 0350 3
AT 5 AR v 11 Pl P A AR N PN 1 ! i, \ W 3
15 fifngungiees FACA/ N0 \EIAN o= o\ 3
UNT 2 NQURTUROITON. e L 5
2.1 MSATODNES BocumpeffiPreproressiil .~ AN N S 48 5
2.2 MINIari (lad®xieP).,.... XW...e2.... W72, . DN S ... 4 1...... 5
2.AN &golean\Weightind S\ ... 65 Jond. 25t reereec el 6
2.2.2°, "Word-Frequency WeIghting ..., ivieisdittiatereneneesabiiieeseedbodhersrnenssnns 6
223 TNRIDE-eishting..... 2. 5. g eadlodlneeeereeeerranns 6
224 TFC-WBhng . ¥ 0)-914- RN ... 6
P ST O Ol T] 1T e oGO 7
2.3 Tasavelszaiminey (Artificial Neural Network) ...o.ooovveoeeoeeoeoee T
2.4 Tasanolszmmifouuugund Inadasdernusin

(Simplified Fuzzy ARTMAP Neural NetwWork) ............coooovuoiuovereomeeeeeeereerenn 8

2.5 Iasevsdszamiiounuumnozuadiws Tsudunes
(A Text Adaptive Resonance Theory Neural Network) .............ocoovvevereennn.. 13
2.6 MinfSouisunNuAdIUARINUVDUONATS (Similarity Measure)............. 16

v



a31iey (A0)

Vv
i
o ' a d a a S o <
uni 3 TasauolseammMouuumnFuwa WA IS MU oo 20
[ =) g4 a a o o =1
3.1 aonlaonssuves Iasauodssammmeunuumnasuna TWao 13 ... 20
[ ° ' = o a o o
3.1 HanmIsn1anuued Iasainsdssammouuumnsuna 1na-
I's =1
DVIVIEUM e 22
o 1 =1 L7 " = g a a o
312 fMedumsiieuivealassvinlszamiiouumnduna 1We-
o =1
DV oo 25
UNN 4 MITNAADIUAZHANITNADDL oot e 38
4.1 M IAYSZAND TS AITHUBY TUAR oo 38
411  @2IelszanBnnons 1nuQnAna (Accuracy Rate) .............. 38
k.1.2 @"‘I”J’Tﬂﬂ‘i:aﬂﬁﬂ‘lw F/Measure d a~nle ) ome..... X N ... 38
4,1.3 7 S IRUTEANTA TN EDODY ..t et hesis st oottt 40
4.2, YAGoYaR FIUNIENAND 1/ Lo i Lo bbb ot e e et 40
4.3 4AYeyanIsNEs N IFIUNITNAABILAZHANTNAND e 41

43.1 ‘,lgﬂ'(’fay,ﬂﬁﬁ%ﬂi]'lﬂnﬁuﬁﬁﬁﬂHS(SyntheSized Alphabet Document) 41

432 HANSNAABIVBIYATOUAAIDNYT .ol ot 43
4.4 yAtfe1a CSTR (CSTR Dataset) 11 lunsnansauaznan1snaned ........ 44
44 < yadoyn cSTR AFIUMINARBY ool 44
442 HIMINAADIVOIYATOUA CSTR ... oottt 46
443 ransfsouisuny luaas e voagadoya CSTR................ 52

4.5 YAUYQ Reuters-Top10 (Reuters-Top10 Dataset) 1 19 1un1snaannas

FANTTNARD oo 54
451  yAdoya Reuters-Topl0 AIFUMINAADY oo 54
452 HAMINADDIVOIYATOUA Reuters-Topl0 ..o 55
453 mamanfSeuiiounyTunaa1eg veegadoya Reuter-Topl0.... 60
4.6 YadoyA K-dataset 11F1UMINAADUAZHANITNATOY 1o 61
461  yavoya K-dataset H1FIUNISNAAO .o 61
462  WAMINARDIVOIYAVOYA K-dataset . .....——..ooocccvororrrer, 62



aM31iey (A9)

Hin
463  wamanSouimouny Tunaaieg vesyadoya K-dataset .......... 67
4.7 wansSoumMouny Tinoa1a9) YoINEATOUA ..o 68
UNAi 5 A3URAMI I OUAETOUOUUE oo 71
BT BT D rscimussvmiernios s S rmmnaesomrsscssae e earssasammeriens 71
5.2 FOUTUBIME oo 72
LI S L ARG I o AN\ N T V77020 N, 74
YL U T L I 0 A | e, ‘U MANN] Y,/ et \ Y, \ W 76
MARLIN 0. UEAAIFAIDEYATOY AR I THAITNADOL. ot 77
GRT L L CYENL ¢ 0000 R o A A AR e AR M PN | T 77
n.1.1 Indendts CSTR gy HTML oo 77
n.1.2 Tildienas cSTR ﬁﬁ’mmmmz%’wa Title 1Az Keyword........... 78
n.1.3 Yoya Title 11 1U#A Stopwords Hag Toya Keyword
v lhndidaney Ao Talsiinsy Copernic Summarizer ... 79
.14 ﬁ’l‘l’J‘ByﬁﬁgQ Title 1ae Keyword T word Stemqihgd d............. 79
n.2 ‘l{ﬂ‘i‘fi)gl,’c\ ReutEm-Fopl0.. - NN e NV . 80
n.2.1 Irdenans Reuters-Top10 Tz U XML - oo 80

n.22 IWdiona15 Reuters-Topl0- WA uRWIE01A Title 1102 Keyword 81

n.3 qﬂi’l’aga K-dataset

............................................................................................. 82
n.3.1 TWawnes K-dataset UMY HTML oo 82

n.3.2 1Wdionas K-dataset fidnounwizdoya Tite 11z Keyword..... 84

MARUIN v, uaAFIBgYeamd Ry 14 nmanaaesvesadoyaneg ... 85
V.1 MRy TAINYATOUD CSTR oo 85

v.2 My 180ngadona Reuters-Top10. oo 92

v.3 MR 180N YATOUR K-datasetomrresoo 114

Vi



518y (A0)

= o

a a @ a a o s aa o
MANUIN A nmmnumﬁm%muammwummz"lﬁ’mmiﬂwuw ...............................

VII



ﬂ'l‘ﬂ&‘ﬁ
2]
3.1
4.1

4.2

43
4.4
4.5
4.6
4.6

4.7

4.8
4.9
49

4.10
4.11

4.11

4.12
4.13
4.14
4.15
4.16
4.16

4.17

4.18

AM3VYNII

HAASAIDENTOUABNATT ...
ar 1 Y :: o =) ¥ ] = cl’

uarasaegRveatoya minnlslumssouivealasenolseaminout ...
HAAITIUINTNFNUADE Class VvOIToyadIonYs MinnlFlumsGond .
ugasAIgNveateyadidnusiiadnnndeyauaasdnuuzinmz 514 4.2

uazgUh 4.3 M IFumMsGoud
uapad i IugateyadItnys i ldmadounugnasavea Tuaa.............
LAAINAANTN IANINNITNARDUNITMNIUDI TIAd VoIgATOARIONYT ...

UAAIIININTDYA CSTR UABSAGUIONTTT /i e

ugasiandeya CSTR #ldlunmsiSouiasnagevvoaudasnguonms...

43
43
44
45

45

(#i0) uaradiuandeya CSTR AlFlunsBouduaznadouvoaaaznguionals 46

uaniIMEmes a1 i ldlumsnanswazsiuanuInuaewinn vesyadoua

oy 8oL T ool o — LN RTADVIORT N 7o\ B —— e WP W B W
uAAINaaWS N lAnINMsnadoUMsMuYed Tuina vigadeya CSTR YA
LAAITIWAZBIATINNIINATIUNIN IV TuiAa Yaegadoya CSTR 4Ad |

(AD) LAAITWAIBUAINMIINATOUNM MUY D TiAa Yoagadoya CSTR

LAALII0AZIDIAIINAI NANBUNTINLYEA T1iAa YoIgATdDYya CSTR 4AT 2
UAAITIWAzIBoANINMINATOUMININUYe Iuaa voagATaya CSTR AR 3

(/D) LAATTBALIBOATINNTINATBVNISHINUYDA LA VOIgAT DY CSTR

HARAITIAZIBIANINMTNATDUNININMYDL TuiAn Yoagadoya CSTR yah 4

HAAIITAZIBIATINAMINATDUMIMLYD TuiAa vosyAdoya CSTR 4T 5
HAAIIBAZIBUATINMINAADUMINILYDS TiAa YeIyAToYa CSTR 4AT 6
HAAI3IBaBIAYINMINATDUMTNUYD Tuiaa YoagAtoya CSTR yAT 7
HARITIWAZIBEANINNITNAADUM MUY TuiAa YoagaTaya CSTR AT 8

(AD) LAAITWAZIBIATINMINATOUMSNIIUYDA Tuina voIyAToYya CSTR

UAAITIWALIDIANINMINATDUM MUY Tuina vogatpya CSTR YA 9

46
47
47

48
48
48

49
49
49
50
50
50

51
51

HEAITI0AZIDIATINMTNATDUMIINNUYEL TR YogATaya CSTR AT 10 51

VIII



ﬂﬁN‘ﬁ
4.19
4.20
4.21
4.22

4.23

4.24
4.25
4.25
4.26
4.27
4.28
4.28
4.29
4.30

431

431

M5VUNI (A19)
nin
WA wAzBEANINMINATEUM IR LY TuAa Yoayatoya CSTR 4T 11 52
uaaaranmsilsouifisumsiianuuaaz Tuea voagatoya CSTR ... 53
HAAITIUIUYOYA Reuters-Top10 UAALAGUIBNANT woovvereeeoeeeeeeeeen 54
wermasuaudoya Reuters-Top10 i 1Flumsisoudiaznadouveausazngy
311§ OO 55

[ o Ca o o o
LAAIATNIITUIADIAING w'l*i’ﬂumiwﬂamua:mmuiﬂuﬂmmvgw VOIYA

F03A Reuters-Topl0 MAKR -2 oo ot 55
(@0) uanIn NSRBI A199 N1FlunMsMaasaz U THUAIL NN VB3R
‘ﬁﬂltl‘t\ ReylofS-TopTUMAHA, 8 0N ... 220 e e N oo 56

LAAIHAANT N 1R9INMINATDUNITI1IUYB Tuaa ¥BayAY oY A Reuters-
Topl OMNYPeer ... Lol il oz A B A NS e L o R R 56
HAANI IWALIBEAINNIINATB NI NI TUYR Tuan ﬂﬂéﬁﬂ%ﬂgﬁ Reuters-Topl0

=
' o[BS I VEA MWW IV Yy @A AN WIRW st S AW IW I, AV 00 - ool B B 56
(#0) HAAI3WAZIBEATINNIINATBUNIIMIIMYDI TuiRa VoIgaT o
Reuters-Top10 ‘ig’ﬂ‘ﬁ Y. .0 [\ IR AR D .7 A A& F 57

LAANIIBOIDIATINMTNATDUN T 11U YD TR ¥OIYATDYA Reuters-Top10

TOATN G I rsvressessersmmmssssssssssassanes 58

(710) HAAITBAIBIADINNITNATDUNITNINUYD THINA VDIYEATDYA Reuters-

TOPLO YAT 4 oo 59
HEAIIIBAZIBIATINMINANDUMIINNUYD TuAa YoIgATDYA Reuters-Top10

~
AT S eeesees s 59
ueraanamsnfisuisumshiauuaas Tuaa veagadoya Reuters-Topl0 ... 60

uanad i Iuteya K-dataset A1 lumsiSouiiaznaaovveauaaznquionas 61
(919) nanadIudoya K-dataset N1 lumsiSouduaznagouveanaas

DQIUEBDINNG osiscisinsiigiosssinspeesvemspgiiensasssqeasdismmgsbasssssesseramgragraprgs ogeapetnmssgosasss 62



a1318YM519 (AD)

P ¥
MINN HH

432 waasmmaiimeiang AlFlunmsnaasaiaziauTnuaenign veaxya
¥

VDU K-dataset MNYR ..o

433 uamanadns i ldnnmsnagoumshaves Tumavesyadoua K-datasct
4.34 uﬂﬂ.aswaxnﬁummmimaaumsﬁmwm‘Imﬂa Y9YATBYA K-dataset
435 LAAITIBAZIDUANINMITNANDUM NIV Tmaa vesyadoya K-dataset
435 (A0) LAAITIAZIBIATINMINATBUM NIV TuAa Yoagadoya K-dataset
4.36 uﬁ@tqswam?}’ummmimaanmiﬁmuwﬁuma Y0YAUDYA K-dataset
4.36 (GiEI)- HAAIWALIBIANINAIINATD UM 1Y Tuiaa vogaToya K-dataset

437 UFAITIWATIDIAINAIINATOUNISN WY TuiAa Y9IYATBYA K-dataset
437 (A0) UAMTILAZIBIANINNINATBUM SN MBI TuAe Yo IyAToyA K-dataset

438 uaawansiTouivumsiausaz Tuaa veagndona K-dataset

4.39 naaaramanfTouiisunisiaudas Tusaveannyadoya

62

63

64

64

65

65

66

66

67

68
69



1]

=h-

2.2
23
23

23

2.5
2.5

2:5

3.1
3.2
3:2
3.2
33
3.4
35

4.1
4.2
43
4.4
4.5
4.6
4.7

a5y

v
W
v r'd
M TAT IS NUDUTAAUTE A e 8
aoaonssuveaTasaviodszammouuuusuna IWansao s W ... 9

o = =) ] = a a o a o =1
panesnulumsisouivesInsavielszamimounuusuna Iadadorsnuiin - 11
' ar =2 ' =1 =) L) o —
(¢10) panasnulumsiSouivealassviwdszamfoniuusuna Trlaiad-

4 <
DVTVIIIM e 12
(f0) danesnulumsiSougvelnsainlszamimounuuguna Tadas-

4 o
1 I et ..., . SR 13

" =y =4 = £y S A

aoilaenssuveslnsaniedszammisumnezuadims Taniuies ....... 14
ar a g ~ b S " = < =1 EY =]
paneINUMIGou3 Ve Inssnielssmmmonnuumnozualims Tanluies 14
" s a s = Y [ =) - o =
(s19) DAND3INUNITFOUVDA IR w5z cmimsunuImnozuaLAin-
RRL" § (T2 el ) P a2 WA ARR N P Q) il T |\ W 15

(#1@) Hano3 NuMsEEU eI TATI w5z MU noZUALAn-

] & BT R R B gy (A4 ANIRY a8 VWA AV il | T 16
] = a a =

aoilaens suuesInssisdszamoumuinFuna Inders nudin.......... 20

o a 1 = a9 a = '3 4 <

DANDINUVDA IATIN0Y 5L IMRBUNUVIANTUWA IHAB SN, . 23

1 s a N ' = g a a '8 o =1

(70) BaND3INUUDY IATIvIdsEA MUY TUNA IHAD IS NUTIW ......... 24

1 o a g " e o A - '4 o (=]

(#i0) BanaT UV lnssiBIlszamMReuIUBIMATUNE INAD IS NLTW ......... 25

' o = o i Y wad 4
uaraanguueafiimit asedeyalunuaanindonos o, 25
waasnguussmmirvhlaswdoyaluguauiamd . oo 26

J " ] = S da a 4 =1
HAAIA1 Top-down Weight 19310590 0l sz amnouiuumnguna Inae1s nusin

MAQDINNITITOUS oo e oo sett et eeeeesssee s seeseeseseese 37
waad L1 3an Precision 11z Recall TUA15509V0TITAUNA oo 39
uaaanguvosiisnusii lladadoyalunuauiftonoa . ..o 42
uananansnguueadasnus i e adoyalunaauafdfey oo 42
N3 MLaAIA19AI1AINYNABIVDA TUIAAA1IY YDIEAYDYA CSTR ................ 53
NI MLAAIAIBAIINNINYNABIVEI TUINAA1IY YDIEATDYA Reuters-Topl0 ... 60
nauaAImons 1N NuYNABIvel Tunaa 19 YoagAtoya K-dataset............. 68
N3 MUAAIAIBAIINNNYNABIVEI TUIAAA I VOINNYATOUD ... 69

XI



1.1 ansilusnuazanuanyvestym

=

Tuilsgtiuanumnednsiuiiudeslddoya Hoinoinmsang innuwIudmin

Vv = ar A

d? 3 ar " " dyd = c: ) = ar 9/
YU Yoyan 1N uauAg manvamsasunlas hhsuferiuuazdeyadaiivainnay

u

] 3/ ad a S A A |a a c;‘ [ [~ P =1 9
gﬂu‘U‘u Y Uayanianniaung ‘HQIJ'lJ'ilJ']ﬂI%WlHJHi)UTQﬁ IAL3 inﬂﬂlﬂﬂ&ﬂll'l]ﬂl}_ﬁhll]ﬂuﬁﬂ

< ¥

- = = 4 ad a oA @ v e
N9 HIDN1TIAVUND !ﬂﬁUun“ﬂulﬂU‘UﬂHaﬁQiuaﬂ’ﬂlaﬂ“i'ﬂuﬂﬁ clfx‘l‘lla?a!alﬁa‘]uu'ﬁu.lﬂ

v
o =

4 A ' o o ay ) ¥
n1“"i’illu‘ll'l~ll.'i00‘“’] DUNITIALID “lufﬂmg'uunﬂum‘gaﬂm’auummﬁumm‘j‘aﬂi:m‘n‘uamm (Text)

] s

' 9 aw Y a 3 = o -:i [ v 9 = ¥
U UDUAIIUINY VD UAVTI ﬁmﬁaamnma‘unﬁ "'INET'J‘NTHm%:tﬂﬂﬂﬂgalluvﬂiiﬂidﬂ'ﬂd

“

¥ "
ninlasaadaludaou (Semistructured  Data) Tnseaiaiivsznoudio wadoyanily

'
) ]

Tn59a9313 (Structure Data Field) nazivadoyain liiluTnsaadn (Unstructure Data Field) 194
Joyamiado sznouda Forieemisde Foduds Tuiilunsianud Wudeyauuu
Tassadha dawifenTumisde Whidoyauun s Tasaa s Soyamariivzgninii13nw
UMaufiug e 9 1 Text Database Wudu mszatannuiignaousgludoyaif Inseadra
liganuuazdoyafisnunn w15 leminmanudoans Aonrsiiin Tuiia (Text
Mining) #933m3Tumssinitnluiie § nawds udidouluileyii 18us NIIIANGNIBNATS
(Text Clustering) Lo msaunlsswnnionans (Text Classification 150 Text Categorization)
msswumlsginnenats na1wdaaail 1. St s (K-Nearest Neighbor
KNN) nannisie fiuanmiszozinszninndoyalnifidoanis$uun fudeyalungy
fet1 nanfoilodsamansiuenmsianinsnaaey eglunguenaisyszinnla Ty
vnsdumienas lunguioud ddamledidesduongisiidesnisnageviniiga i
MK g uazasnaouduenasngmiond Alndinvatvienaisnagey iuenas
Yszianla Wdaduinonasnaaeuduonaisszamiu 2. 33u1sm 1Ud (Naive Bayes
NB) #935fioendnmsnaadauhmsinnm aunsemanmsiuaninues Class 18
msswumlsznnenaisieg mﬁ'ﬂﬁyugmmammuﬁmaa Bayes 3.3 1%1n53v101520 ™M
1MoY (Neural Networks : NN) 3%ﬁyﬂ:ﬁnm‘%’Uui’mnﬂgmﬁ’anvaﬁm%ﬁuui HazinMaAIuINA
szmingatoymd uaz Weight fidousnszninaInua Femi Idh IS euiouiuai
Threshold fifmua’l3 #11uA1 Threshold 1&imarl3anlzans Weight ioiadadunisisoud
wziimsnageumsniau doyadoyanasou ienaaounsMaIuveszVUIIgNAD

@ e

& [} :: ad o " acd o = a Yo ]
wieli a3 385dwnan Wit lumssunlszianenms Adduniiniud



Tuau3deil vznanndsnmistundsznnenaisale Inseaviolszaininey
Tasia lazimssudoyaduiunudnay damsivziudoyadng Tasainlszammifion
veanaimisulasm ldiiluauBadnavnou Tnseviodszarmdouiiunldlunisswun

Uszinnienans vzulszamiitinisSouduuuiinis i (Supervised Learing) Saiiluiiian
AuA Ao Backpropagation Neural Network mimsﬁ"u‘i’fﬂy.anﬁ wiuiluaugaiiay Favzdes
nmsuasnndonon
1 3/ — 3 ¥ LY " a w £ Vv o
mswasrmvesdoyaniudenin WegludnuuzvosnuFeduauneliansoi

¥ ¥
Yoyt g Tuaa (Model) 181y vziidunsumsuasnt Sonin M3unuenas (Document

]
=1

. & v W 3 ¥ o a
Represemanon) G'D'QﬂxﬂE]QHI[ﬁQﬂ_lsllalla“l'ﬂuq]ﬂﬂq}llslﬁagiugﬂlluu@’)lﬁ'ﬂﬂﬁ]u'ﬁn

W

S A

Uszwranadie Tuaan 1118 S5nsnilan19ed1aunsnaio #e 38015 Vector Space Model

o 3/

vnauelau Gerard Salton [1] Hanvuzdeyaiiu Matrix Array 2 Dimensions HANIUNY

et dy o £y - Gt ] ¥ =) Vv = o o w
wnas laoismstiizi gydena luduaoumsinlasdoya iisesnvzdeaudondid iy

=1

fzlsiudumuvewonas Iminzaundonou uazdunailymi High Dimensions 1iip491n
ﬂ°1f’hﬁ'ﬂﬁ“l%'tfluﬁ’mmwaamnamwia:mnmsﬁi‘humﬁunn 91UIHVBA Dimension 31N
As ety Falinatumaiauves lumaivzaealfaarlumsdianiniy
Tuilopiu1dimsesnuuusaneiiudmsuns Sumnnguenats fimsianisiy
Yoyarszinmbonumiodanuusdoyaii hilvwuay 1dTavass Taslidesimisinlasdinn
ANFINWUNIN (Qualitative Value) Iliiluausaiiay (Numerical Value)
dmsylasanolszamifioniiamsosudoyaiiutonny 1 Iavas Idiann
Tasaviwdszamiouian 1A1N Text Processing Kohonen Neural Network [2] Wart191n
Kohonen Neural Network, Text Processing Competitive Learning Neural Network [3] Waiu191n
Competitive Learning Neural Network 11082 Text Adaptive Resonance Theory Neural Network
[4] Waru19n Adaptive Resonance Theory Neural Network c‘éﬂﬂﬁﬂhuﬂszmmﬁﬂu‘lmima"lﬁ”
aunsouniangudonduldlasass Taslifimsmlasgluuudonudauiluaugananinly
WusuSadnay uaz Tumamari Iinmanuiaveansfanundioadei (Similarity
Measure) HAZIAANVUANAIINY (Dissimilarity Measure) naa%uiuﬁﬂﬁam%ﬂ (Symbolic

. Iq 3 [ EY S w [ ¢3. Y &8 w P
Objects) ¥11lszgnaly Tasmsiannuadiwadenu szdafinnuaaiondafuanniiga wazms

IANNUUANAINY I IANANUIANANNUTDETEA [5], (6] 1Az [7)

] LY J =
1.2 ﬂ?lﬂﬂdﬂﬂ]ﬂllﬁ%?ﬂi‘]ﬂﬁxﬁ&ﬂﬁlﬂﬁﬂﬁﬂﬂ‘ﬂ'l

¥
a

MuIReil BingUszadmolszgnamsiiauveslasainlsennifounnuusuma
4 &
1

"
[

4 : o = Y ° o s
Iafasgorinuiin FaiinsGoudiuuinis$i (Supervised Learning) iazeisosudoyad



¥ P

Vv
Handuanay ldmniu Wannsosudeuaiidudoniu1dTasase Tasldvwmianunaues

“u

o

msiannundrwadaiuvesdu Tudndounaunlszynald uazda IdimannsvesTnsave
Uszamidiouuuuiinozuaiine Tauthuios (4] A5oudFauemseisoudiuy hisinns
AR (Unsupervised Learning) 1119 c?}ﬂumaﬁ”ﬂm1sn'§'m’fagaﬁﬁ‘]uﬁu%aﬂmmw (Qualitative
Value) lATauasa Tﬂﬂ'llimmfuﬂaummﬂaqi’fmgainnﬂ'u%aqmmw'lﬂﬁ]ufiw?qﬁuam
(Numerical Value) #a9zalszndanalusamsfudoyanewindigluaa uazie 1 luaad
aunsasmunnguenas lnosumiiiudoniuldTavassedraivsz@niam anse

i ldgadeailuiveninla

s A =Y " =
1.3 ngugnsemnfanlslumsio

¥

il ldimguiuaznuannuaaaieg n e femsdszynaldinsaiinlszaim

=]

- a a o o 4 A4 ' =1 aa = ) = o o
dgnnuudund IlafsdorsnuiingaiinaswiodssamivuiingSouiuuoinssi

= |

Taolinuandang 2 defe 1 audenoGouinnenmimiedaiinosousuda lifou
w11 (Stability) t1az 2.amnsoisouidalng @ las idudmwosouinoumimiesnm
AN 11904 (Plasticity) uaz Idihwmaanufinusanisiannuadsnasnuueasy Tuaa
< o 79 ¥ —— ) - o = v

poulIAulsEyRaly sauiamanmsyedlnssvieszamioynyuimnezuai i Tauiu-

o e 9
sy

1.4 VBUIUAUDINITIVY

¥
o =

addeiiuaueil dulueailszgnalylnsaiiodssamiiounuuduna Idailed

s o g A2 W 3/ ¥ - ¥
DITNLUUN “lumsmuunﬂs:mmanms NIZITVYAVDYALUT (lnput Pattern) m‘f]umamw

o 3

v 1
AMHIBINGHININY FIa25 U1 lasasa 'Iﬂu'!umumsuﬂmmmnmwaﬂmmw‘lﬁ;ﬂum
¥
Faaaay Twaatida 1dihuuinisaareInisiaauaaendafiuvessu luandousa uas

o [ = o = o A
wanmsvoalnsaielszamifonuuumneziatiins Tauduiivsunlszgna 19

& .
L5 YUADHUYBINITANE)

¥ ¥ ¥ v ¥
o 4 o o o ar v a = o
Tuduaouveamsdnuil TAudasdivumahaudwasudusudiduganisiem

¥
aaswazioane 1

Vv a o

151 ANYIMOBEINAzZIUIINENATUNANUAN 9 ANeIdeanunm i ity

o

° o Y 4 o aw
152 AMUAY9D Ianiszaan HAZVDUIVANIITNIIIUIY

= o o = '
1,53  wnsizvoansinuuazoonuuy lmaalvy



154 NannTUsunsy Taoldaevinas MATLAB 3u 6.5 n¥ouiad luderanain
uaznAToUMINIUYe Tumanudoyanimuaiiuies
a Y Hq ¥ a A4 o o
155 wsoudeyan1¥auesa merinmaaeumsiianuluaa
156 naasanudeyailFueie wiounaiadszaniammninuvesluaa
157  39U50HaNsNAadnMInIauveaTuma
158 Anszvuazaslmanisnaasy

159 GBoussaenmsdsznouineinug

o =] a ¥ P L4 oo '
msiunnluis e 19 1dnnuimtmlsy Tenisnindoyalszinndenrnuiiiey
u ) anqd‘a =1 Y] 1 o
wimnoludagiunlyan $38nos 2 31uny fie mstanguienas wazmsswumlsziam
¥

s nudei Tdmmsiuuanguienais lasldlasiwlszamiios Taolszgnald

@ o o ' =) =Y a o P o =1 & 2 = 3 =

nanmsnnuvesInssiedszammennuugyna IladsFersnusin FalinsiSouduovil

¥ v L [
nsmiumazmwnsosuoyaniianduanayldminiu Wannsosudoyaniludennyld
» ¥
Tagass Taolidmwduasumsimlasdoyavinandinuninliidluiudsdnay dnaldin
a o o o a d d ar v
HUIANUAAYDINIIT IaAUAGIoAAINUveIFu TuARDILIIAAE HanN 1T Vaa TAT AU
= < =)

Uszamiesuuumnozuatiing laluiieiumlszgnaly

-

' v ' ¥
Tuymi 2 9znanta ngugawng Mifgrdoenumsiianiseinauoil



.

=h.

un

Y

83V

=h.

ad
nguyNt

o o a
TuamdumsAuAuasaumd (Information Retrieval) tazaiudumsiunnluta
o s =] o v - ¥ oy ]
(Text Mining) 32TMs1inona156199 inunaunudeyatenas Il lFuawiideans
" c;:‘q o ' " [ [
wnasmariiimsinueglugduuuniudeyanies iy HTML, XML 18 SGML u@nouay
¥ "
° g =] =t v = o v
dwendrsmaril Tl 1dau szdeslimamssuenas eglugduvuiawsmi ) 15ou1a

" ¥
Wonou Faliseazidonnati

2.1 MIIASBNDNANT (Document Preprocessing)

FunoULSAYBINISSNIMMITEINMBNAT3 (Text Categorization) ABNIIAZEUIBNATS
Woglugduuuiwmmsmindglusavesmsisoudld esiinsaniumsl@ougiuuy
19N&15 (Text Transformations ¥3® Text Operations) [8] 5 ANYDIY ﬁdﬁiallﬂﬁy

nuai it 1 n1531A5 18R (Lexical * Analysis) W9150INISHONAT HUAY 570
INFDINUILITIANBUAII

5ﬂnmzﬁ 2 3799 Stopwords (Elimination of Stopwords) ﬁﬂﬁﬂﬁ'lﬁﬁﬁm“ﬂuﬂﬁ
wiianon 181798 1% a, an, the oon 11l

dnwaizii 3 hldegiugiiuuveds A mie Word Stemming fodad il Affixes
(Prefixes uaz Suffixes) ¥o3r109n 1

Anuazii 41880 Index Terms AON1SWIRIAIRYRAIFUMIONA TSI Y

w d

ANUULN 5 MIATI Thesaurus ADNITHIANNTUNUT

2.2 MIMA¥H (Indexing)

MSUNUIBNEAIS (Document Representation) 1a811 1A 1¥ uatiaunsvate finds
[ ¥V
Vector Space Model (SMART) [9] 435M151MueNa151 (ona139zunu 1as Vector 19af1

o a 4 Y v P A = ' v oA
dngy Fuonms 1enas wudaslieglusiinssadaves Marix 4 Weau¥nudazad Ao

o o ar S ar q;
mdnyhling luwenmsaaumsi (2.1)
4 =) oo o

1o a, AD Weight ¥03f1da i Twend1s k Taof Matrix 4 G31uuunuminy

.
o = o o

M Fafeswauvesmdwyildiues 1l M Hunaluaiilesnniismumdfyves

o

HABZIONATIIUIUNIN



A = (ar'k )a (2 I)

IBMIIUMIAMUA Weight 103 @, voamday i 1uenas k Ivawitaaaz 14

nanae l) weimuald £, Asarudvesmididy i Usinglwenats k @ N A

b

[

b '
Smenmsnanua M Aesuiuveamdinnyn19naaainda Stopwords HaZ@A Word

¥ ¥
Stemming &3 1A 7, Ao SRS DIRIAIRY § W50l Collection 350136199 T

¥
=

M3NIMUA Weighting UAIN

2.2.1 Boolean Weighting

t.clo o

ad o a o qy I - R a =) "
WluFsmsideiga F5liawiseven 1diioahiisidnan uﬂsmg‘lumﬂmwsa"ln

¥
o s

fAounuA1 Weight 220 0 uaz 1 Tavszumuanilu 1 Srilsddapindsingluonas uazunu

o

il ¥
anilu o e lutiddnapiulsngluienas Faumsi 2.2)

am:{l 'L fh O} (2.2)

0 otherwise

2.2.2 Term Frequency Weighting

_ =)

Fmstmsavenanuivesmdnyilsngluenans1d Saiseandamani

ar ar

UV Boolean Weighting tHu3msiiminamiivessidrdgyiilsing luenashiismddaniu

o

¥ ¥ ¥
Usngluenaising Tasdanals o umuanumueit hilismdaaiulsngluenas &

AUNITN (2.3)

a, = fu (2.3)
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W = BUAAW )+ - W™, (2.15)
duiluuy Fast Learning 191)501)5377 Weight amaumidi (2.16)
R ) (2.16)
1e1l5u139A1 Weight 1a5ud) uaaainszunldGsuyadeyadrgaiiu Souion
b Yo 9 £ ar ' A o
uad Wsvdoyarngadalil sundnznuieoulvlumssumsiiam
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=1 a =1 LY =
LN ATUINIINAAYDI Tom Kasuba [9] nanasiwazidoall aagii 2.3

FOR Some number of training epochs DO
FOR_EACH labeled training pattern DO

IF 1 this category has never been seen before THEN

UM 2.3 anesnulumsiSoudveslnsaiiodszamifouuuFund Inadladorsnuin (1)



Create an output node to encode this training pattern.
Set the new output node’s top-down weights to the complement coded input
pattern.
Set the category of the new output node to that of the input pattern.
ELSE
Set the vigilance to the baseline vigilance.
Present the input pattern and category to the network.
Evaluate the activation function for all output nodes.
Sort the output nodes in descending order according to activation.
FOR 1= 1 TO the number of output nodes DO
Select the ith highest activated output node (the current winner).
IF_2 there is a mismatch reset (| AW, |/d 2 p) THEN
Suppress activation of the current winning output node.
ELSE
IF 3 winning output node encodes the same category as the input
pattern THEN
Update the winners top-down weights W " =| [ AW |.
Set the indicator that there was no mismatch.
BREAK FROM_FOR number of active output nodes loop.
ELSE
Set vigilance to the match value of the winning node
plus a small epsilon.
Suppress activation of the current winning output node.
Indicate that there is a category mismatch.
END IF 3
END IF 2

END_FOR the number of output nodes

IF_4 there was a mismatch or a category mismatch THEN

gﬂﬁ 2.3 (70)
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Create an output node to encode this training pattern.
Set the new node’s top-down weights to the complement coded
input pattern.
Set the category of the new output node to that of the input pattern.
END IF 4
END IF 1
END FOR EACH training pattern

END FOR some number of training epochs

gﬂﬁ 2.3 (90)

2.5 InsavnedszmmimaanvumneznaUMns1susines (A Text Adaptive

Resonance Theory Neural Network)
Tasavolszamitounuumnez uadiiws Teuduies [4) W 1u191n Adaptive
Resonance Theory Neural Network 14 18oonuuulfsudeoyafiiiutonau 18 Tavase Tao il
msudassdennulifudiaiay dunsBaddianmiohiinsii aoilaonssy
voalasstolszmnioniidsznoudasdunis i 3 su e 1. Input Layer (F,) 2.
Interface Layer (Fy,,) t1az 3. Output Layer (F;) ﬁdgﬂﬁ 2.4
52109 Interface Layer 1103 Output Layer fl‘l;ﬂ Weights 2 ‘l;ﬁﬁﬂ Bottom-up Weight
1Az Top-down Weight $492(8auAB5Y1319 2 Layer lauf Weights a2 ¥a vzl
Weight 1HuAugaguamuazamaninnuiudindn (Degree) Y89 Weight iel¥Insavn
Uszamiion aunsamanuadadevesgadoyadniifuduFequnmld fsaumsi

(2.17) woz (2.18)
bu = {(All,u ’elg )?(Az;; !ehj )3"'9(Apy ’epy )} (2 17)

£, = (B, e, (By,ses, ) (Boyse,) "

o 3 ) . '
ﬂ’I‘H'L.lﬂTH APU ﬁﬂﬂ']!‘ﬁﬂﬂﬂiﬂ']?‘l‘ﬁ?)ﬂ Bottom-up Weight LIag - ﬁﬁ)muﬁmmmsﬂu

AUIBNVDA A!"f
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¥

' ' =1 o A [ ' =] A 4 dy "o 3
e, vou 4, Tulasaodszamidionts Gaegsznana o 89 1 il Wuaild

o ¥ ¥y ¥ a0 0w

s o WV L]
szaunuiumngnues 4, fugadeyati e, voa 4, Hawidy o anumnen
" o "y [ < 3V Y o c:. . v a P o
Avaanun A, hildduduniavesyadoyadidiui i &1 e, voa 4, iy |

T e a o w . " o
Tanwmnehaudnunm 4, Wuandnvesgadoyadnadui i odrauysel
H = = ar =1 ' . ar
aIUUB3 Top-down Weight Hanvazyeamsinun1lu Weight milouniy Bottom-up

Weight

Migilance

[(fO

R

FyyLayer I",m Layer F,Layer

c; T =1 =] = 9 A
N 2.4 anrdaonssuvealnssvinlsyamifouimumnozuatims Tauthuies [4)

Qs a8 =] 3 ] =1 =1 = el - =
oaNDINUMIIToNIVDA 1A MIuss mmisumuunnozualfivis TanTudios 4] §

Twazidon Az 2.5

TUADUN 0: MmuaausuAu iy Bottom-up Weight LI Top-down Weight Tuneas
Triuaveslnsanodszmmiiion Ansudumarion ldninmsguidenain
3 4 o = ° J ‘s
manﬁnumﬂ%"luns:munmsﬂui LHagNMuUAN Vigilance Parameter,

«u

p,=(0,1]

1 a = -~ " - o = |
g‘dﬁ 2.5 ﬂanasﬁnmmuuimm'Iﬂsw1mJ'i:ﬁmmummnmnazuﬂﬂ'ﬂmsTwﬁumus [4)



¥ .
s A

n:‘ a A o ' & ¥ o
Yuaauh 1: weda luasadeulvlumsuga Whiiuaeun 2-9

v . v
Tunoui 2: ilaondoyad1Navua 1A21IN3 Transpose

Doc= (B,.D,. Ds...., D) (2.19)

Mvuaoun 3-8 ol

¥
e

Yuaoud 3: fmuadoyadn D an F, Inudanls X Tur

1fa) 1tb)

X, =D, (2.20)

I 1

YuAoUi 4: Aunfisudoudeyaisn X fundaz TnuavesIasadolszaminouay

AIUNNHUA

dop
Yj v Z Z S(Xk ’ Ankj )'enkj (22 l)

k=1 n=1

Mvuala
p A9 1UIUVBI Bottom-up Weight

d DI 1UIUYBY Feature Values

¥
s

Tunouh 5: fSeumoumivua J vealnsaiinlszamifsuiisnniiage

3 '
ar L

Yunoui 6: nSvumhuudayaitn X M Top-down Weight Ni0uABA Y Winning

Node J

B S(X,,t,,)—(0.5*no _ feature)
(2*no _ feature)—(0.5* no _ feature)

(2.22)

¥
s

VUADUN 7: NAFDUNDU 1UN1T Reset Mechanism
¥ ¥ v ¥
i Z < p, Wy, =1 (GuiaTvua /), Miueoun 5 dnas

Tunsdl o Tvuaeminngnivda Wada Tnuaominnini

;1]?‘1 2.5 (A9)
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¥ .
M Z > p, Whdunoui 8

TUADUTN 8: ﬂ%ﬁﬂiifﬁ Bottom-up Weight 11fi¥ Top-down Weight 03 Inua J

(new) (old)
b, =b, v X

f(ellu(m'd) + ]7) ’:f A”i’ € b;‘f m X ]
em'.}"ﬂ): f(enu(ma) ~n) if Amj gb, N X | (2.23)
S*n ; otherwise

{f (new) - I[J,(u.i'::f) U X

Ji

(old) .
f(err.ﬁ + 77) I.f anr' € t.ﬂ mX b4
(old) .
e'm(neh) - f(em’t — 77) {f Bry'r’ & IJJ NX 5 (2.24)
5*n ;  otherwise

¥
fvuald 70 ondean

x f0<x<l

f(x)=40 if x<0 (2.25)
L iafx>1

¥ . 1 )

Tunouh 9: nadouou lunswya ou lyniswgaansanimualae:
9.1 Weight litinsuwlasunlag
9.2 hitinsSian

3 =) Y
D3 VIHIUIDUVDINITLIOU]

it 2.5 (se)

=S @
2.6 mafSeumaunnundiondanuveuenas (Similarity Measure)
= =) WV -~ : 9/ 1 3
manlseumsuanuadiondaveuonals (6] HWH A0 IUIUADUNTUNUIDNAS
199 (Document Representation) TiieglugiunviianioinnldluduneumsalSomitoy

18 1enmsdeg Usznevdroguaniaaieg Faansoumulioglugdiuuves Caresian

Product l@fail [7]



dwinnomyanay wazeemnmanseita g

Doc =D, xDy % Dy x..x B, (2.26)
d Ao munuauiaveausnms Filanyuziludeni

A0610 AUANTA (Features) ¥0310nd15 Tudioya1d Reuters-21578 [12] Fuiluaya
Poyanlddmsunadou umadumssuunszinnenas Usznoudionuaniianien
: Y JEpe P ¥ wa & wad A .
Title, Author #az Keyword 1fludu Tuiitiidenld 2 quainia Aoquaniiaseiio (Tite

=

Feature) HazAUANUARIAIAY (Keyword Feature) Tasansounulieglugiuuvves

¥

Cartesian Product 1?’1’5 i

Doc = Title x Keyword 2.27)

& : 4 o dAq ¥ a &4 A
1o Title 71D ﬂWﬂal‘leJ‘EU'IU‘BBLiBﬁ}FJQI.ﬂﬂﬂ'ﬁ

Keyword fin A lfiiludaumuvesionms nisdiddyveusndans

MsnlToNouaNUARIBATINDURNTIT TEUIIUBNAIT A Haziendls B a1y

¥
o o

HUINNUAAYDY El-Sonbaty [7) aunsaivsmiuauns 1afail

d
S(4,By=Y_S(4,,B,) (2.28)

k=1

TunsulSeuiivuanuadiondves S(4,, B, ) imsulSoumay 2 aimdesiio diui
1 3
L'i'lu'umﬂ‘umﬂtuauﬂ'ﬂ 13807 Span S, (4, B) uasmuﬁﬁ‘lmﬁammmﬂm'dnﬂ'm 50N
1 ¥
Content S_ (4, B) ¥atiomauns 13aaii (6]

auvaansfSsuMouA1uAA AR Span THEIMAIUAVNT (2.29)

b
S4B, )= % (2.29)

ﬁ'au‘ummiLﬂ?umﬁuummﬂﬁ'wﬂﬁwaq Content HHO WA MBS (2.30)

inters
Sc (A;; s Bk ) =

(2.30)

609005



T RIGR Y “nunﬁuﬁn.msﬁﬁqﬁv

l,= i‘immﬁmﬁ?ﬂﬁgmnﬂiuﬂmﬁnﬁﬁmaazanﬁ1i A

foe i‘i1muam"ﬁnﬁ¥muﬂ1uﬂmﬁnﬂ'ﬁ‘ummnms B

inters = $1MIMVBIMANFNNANUAT Intersection AUIENINAUAVIAVDUDNATT A
uazuauliAvoudnas B

I = eI FNRanuAT Union AuszHINnuaNlAvouonms 4 uas
AuaVAYUDNMS B

donfoufvunnundiendinsuneaesdaudeouds inissmAwadnsan

ADAAIUTBUIIAWAIAUNIT Net Similarity At
S(Ak,Bk)ZSI(Ak,Bk)+SC(Ak,Bk) (2.31)

AAIIUAAIOAT VDI Net Similarity 11215031 1A52 1319 [0.5,2] Aaoteauauia

vouenals 4 uaz B uaaalumisian 2.1

3197 2.1 UAAWNIDITaNABNEIS

1N AMAVUAFOITD (Title) ANANTUAMIAY (Keyword)
p adef h,ij
B b,c,d fig,h,i

§eehafl 2.1 MsAmnaImARd ATz haends | A uazienas B
S(Arie > Brine) = S (Apge s By )+ Sl Ay » Brine )
S(Ay . Bry) = (S, ({fadef), {bedh) + S.({ade], {be,d))

=[((4+3) / (2*6)) + (1 / 6)]

=[(7/12)+(1/6)]

= [0.583 + 0.167]

=075

i]’]ﬂﬂ’l‘i‘H"Iﬂl'Iﬂ'ﬂ}lﬂg'lUﬂgﬂﬁuizﬂ’h\imﬂﬁﬁ A vazionds B

f1 Net Similarity Y9IAUAUIAYOIT09 1111V 0.75
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L TP TS . P SR S, o — .
S(Akepword > Brewword )= (S, ({hij }, { fig,hi }) + S ({ hiijj }, { fig,h,i }))

=[((3+4) / (2*5)) + (2 / 5)]

=[(7/10)+(2/5))

=[0.7 +0.4]

=11
MINMTHIMANUARWAINUTENINABNTS 4 uazienals B

A1 Net Similarity YoIguauian1d 1Ay 1110 1.1

¥1A1 Net Similarity 52131900315 A aziena1s B

S(4,B) =0.75+1.1 =1.85

£
AUUAD Net Similarity 38MUBNE5 4 Haz0ne1s B 1nmsufseuiiouais 2
ANAVTA IMAY 1.85 F3ezaimnin Id l)fasanae
nouia1e ineddeunaril 0 llszgndiulnsaolssamifivuuunifingu

WA IWAD IS NUIIN (Text Simplified ARTMAP Neural Network) @355 18a2 800 luumii 3



UNN 3

] =] G a a d d =
Tﬂ‘swmﬂsmmmﬂusmumnmuwa"l‘Nﬂmsm!u‘w

Tnsavglszamiounuumnduna Ildo15nuiin (Text Simplified ARTMAP Neural
Network) (TunsUszgnalandnmsiiauves Inssvisdssanmifounuuduwa TWdlaa
913 NUIIW (Simplified Fuzzy ARTMAP Neural Network) éaﬁmsﬁuui’nmuﬁms%ﬁ
(Supervised  Leaming) Idituduiodfunaiauniavosdidoyaii1d iumdoyaiFanunim
(Qualitative Value) c?';aﬁﬂ'r’t’imﬂaf':ﬁ'lmﬁn'?u‘qm’fay‘amﬁ idudoyaFanunmiedoniny
(Texy) TdTaoase Taohidoshmnszuiumsulasidoyadenuam hilumdoyaiFadiuay
(Numerical Value) r‘éqﬁﬂﬁqaﬂuﬁmaﬂu%uﬂaummﬂmﬁﬁ’faya BadahuInNuAa
HearunisIannundivadatuesduludnseuiin (Symbolic Objects) HaHANMIUDA
Insaelszamifiosnuiinezuadiing Taniuies (Text Adaptive Resonance Theory

¥
Neural Network) 1152gnd l9amiu Inseolssamieuii

=9 =) d 4
3.1 andagnisuvealasanelszammannuinnasuna inae 1 snsin
aolnonssuves lnseviedssamnoumuininduna a3 nuan Useneudiodu
M5ANIU 3 HU (Layer) AiD 1. FUBUNN (Input Layer W30 £, ) 2. ¥1101WN (Output Layer

W30 F,) U0z 3. ¥uunAnine’ (Category Layer 139 £,) da3ldi 3.1

CALRLORY ML

B O T O RO

iy P osaien
| TRAC RN

e Qe )

ik

TOP N
WIS

ARINTIRATS

R O

s

RAM NPT PATTERN

1 3.1 amilaonssuvesTasaholszamimouuudinFund Iddos nusin
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[ u’r‘ a - o FY v t:; Vv 4 a or
Tudmvessudunm WUNIIVYAVDYALU (Input Pattern) Wiludony datlowea
aumsi (3.1)

D=(D,.D,....D,) (3.1)

Tawh d Ao Suguasiaves D

szwin%uﬁmgmmz%mmﬁww 1A Weights 130191 Top-down Weight FavziFoude
odraauysainazdedoyaszuina Tnuadumi i ludusuwn fuTuuaoninmi j Judu
11NN TAuT Top-down Weight vzifiumly Weight WuauFagunmuazauaasnnuiiy
@FN (Degree) Y03 Weight o Tnsetio1lszamiion aunsomanundiondavesyn

JoyadndluanFagun il (5] daaunsi (.2)

t; = {(4;ser ) (Ayis€55 )48, (3.2)

Amual 4, Aofu¥anunINue Top-down Weight Haz e, Aomuanininniiy

qu¥NVeI 4,

e, vo 4, lulasuodssamifioni Tmegszning o da 1 Faaril dumild

L)

= 1 "

szdunnuilumngnues 4, duyedeyad d1 e, voa 4, didwiady o ianumieh

Qe ¥

" oA "y ' 4 3 Y o > a0 w
ANPINUNN A, "ln"lmi’lumu‘nuwawﬂﬂmgammﬂun [0 e, 93 4 UAUNINY 1

Y o

Y a a s 4 2 ¥ o
Ianumuenusnmam 4), Li‘luﬁuwnvawa%mgammwﬁ [ DUNANYTN

ﬂ’: L4 Vv b Y a o 9 ar 4 -
Tudue mwn YizneudasgadeyaitiignsmunlidronuilunquuioInua

a ::: I a =1 Yy o o t:'\ o J &
1D1NN (Output Node) F331H2u Tuaoinnii 14 1is e uazezimuimuiuisos Tu

¥ ' 3
sEnINmsiou; InuaemnnmariisiFondedu Tnuaduynlususunn droqa Weight

v ¥ 3
Vet A

aana TugnmsGouinduil wwmInumemnnisuz Taslavanmsmannundioada

L)

L "
Muszningadoyad AuAuFegunimues Weight waaniminazih Inuaeninniisuzi

ANNUMAIANUAAIARINUTZNIN Weight Augatoyaith damiazdoannnimsemiiy

=

1 an o § & A o " n’: o — :
ANIVAUE (Vigilance) unuddn p Fudluminnrugumsiuunngulusueninn lufifiee
AIDYILNIN 0.25 D4 1 AHvzimuasuLs iy Base-line Vigilance (WNUAIY p ) N3 1z023]
A 4 A ' a v Ao |_aa nlw ' Y v ¥
s TuseninmsGoud msidmuamisuaus 1ige naasigadoyaidi doq

Y =2 W = o 9 ' = ar 5/ & o 9 I'd = o =
anwaaanuntziun B3lunquiferduld Faezi Id Inuaemiynlvunadnuaz i

¥ ¥

o 'Y o 1 aa 71 & o "y v 4 W o
111U IHUANIN llﬂﬂ‘lﬂ.lﬂuﬂﬂ-l']i]llaucﬂuljﬁ-l "]Iﬂ‘llﬂﬂﬁl‘l”‘lllﬂﬂiﬂﬁ1ﬂﬂﬁ3ﬂun1ﬂﬂﬁ1u1iﬂ

o - | a Y o ¥ s S " = o ¥ Y
dwnn B3lunquiderduld ili Tnuaemiyniivualnauazisuou Tnuaios d1a1veq
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4 P ' ' 1w P an o " ar s
TruaMWNAYLE TAINN IS aIMIAAIIIANS HAAINTZAUANUARIIATINUYDINS
o Voo a 3 3/ ¥V n‘l‘ a « : 9
Twunnguveyannwe annsodaligadeyadigmiviuandnluTvuaeniymivld
@IUY03 Match Tracking ¥iviiinruguanugnanalumisiSoudin gadeyaiign

o P o c{dy @ o Q’: =Y = s 9
duwun i lu Tnuaeinnngldamnenluduunniines asai Category Input voagadoua

3 -:: o ar v - | v Y o [} ar " Y 3/ d’ ] c:; o
w1 imaasougeguio li Midwen luasaiundasigadoyadigail limmzauiaziumn
' 'S dy Y n‘qu .; o v o -~ u‘: ~
o luTnuamnnil dungmsaitiiadu sruvezimua i Tnuaemnnisus luvuzing
" = v 9 Ai 1 ¥V ar =l ' n’: =Y a ' aa e’cg
Autu 0 wieAntosq e hildszuunduuiden Tvuaeinmiudn uaziiua3suausau
=] - @ S a '

wnoo udm Tnumemiynivuz Tnuada 1l uazasieaeumuiuaowduaund Tnua
1 KNiGeN A noUAsINY Category Input voayAatoyaid d1dmauasaiy fo1ns
Swunngudu3a iSuninfia Resonance 111n131511/33511 Top-down Weight iiiol511)uads

¥
Y v ar 9/

uaaanszuy lassudgadoyatiygaiuSouioonda

r ¥ " b d ¥
NFUUANTINGS 1n15e14 Category Input W3iDWA Mugadoyad uaglusuilszuoni

¥ ¥
o = o as o
MABUAD Class 1a Tnonssmmevuon Inuawmnn Tudueniny

3.1.1 vanmamauveslassnodszamiiounuvmngamalviderinusin
v d a = W
Tnsaniodszammounnumnguna hrldensnudin ImsSuyadoyaiin uag Category

Input Timsfuaauaums Activation Function 79

d o '
Y, =(Q S, 0 /18 ,,,)) vosusaz Tuuae iy ifesdaduinzmuyadoyaidh
=1

i=]

e s YA P — kA ' o '
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vy MidenlaoSusnngae ldvade ¥, = max{¥, - j = 1.} deiaenTnuamninn

7 d
wuz 181d7 1A IAMIBANNIS Match Function fie ¥ = QSN S(X,, X))

i=l i=1
& " v . - (=3 ' o« n)j =1 Y < W s :y 9/
INDATIVADUIINT Weight mnuog”lu’iwummm!ﬂuu iJﬂ'J'lJJﬂEﬂEJﬂﬁiﬂuﬂnﬂ!ﬂ‘ﬂﬂy‘m‘u’m‘]ﬂ
- e 1 Ay W = = o 1 an o v ¥ - ) o
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Voyarth liuinwe Wduds Tnuaemiymin i TnuaeniymidawiniigaTnuadaly
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iyl uad AT Inaud 1 ¥nsadendn Class inovFudvegluTnuawiinmiv
33N Category Input N3 m3e s §11unsam 221in391911U89 Match Tracking Tag
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¥ ¥ [ '
Tnuaiiu nasnmimden Tnuaeignidnniga nuadald sroamavaunis
Match Function udnifSouifisunumdsuaudonass drmmituaus 1¥asiaaeun Class

HnoUAsINUNTO 11 §1n591U 17n Resonance 1115151133611 Top-down Weight muaunis

a0 i

(new)

_ (old)
t, =t VX

I

(old) P
fle,, "+ ) if A, €t,NX,
(m'w (old) .
) f( m"f —ﬁ) '!f AnjiEIerX’
By otherwise

4 as 1 . o 3 u’:
H91511l3371 Top-down Weight 1e30ud2 uamaiiszun ldGsusyadoyadhagminone

kY 3 o 3 E [ ' A o
ua? Isuyadeyatigadalu sunavznudou lvlunssvnishiiau

o a

s = 4 o ar

a b ' = g a a [ 4 =4 =
panosNUAIMIVIToU Yo lasavIvll syamounuumnguna Ilae s nudin 3

a @ =
5W0zDuA A31N 3.2

Step 0 fvuas s TiA0IA 4 Gail
- 1 Vigilance Parameter ( 2) a;j“lu‘xha 0:25-1
- i1 Leaming Rate ( £) Wiiatien 4|
- f1Small Value (&) Mimiien 9
Step 1 ﬁ’e'lﬁmu‘?au”!ﬂunwwqa (31494 Epoch) 111 Step 2-14
Step 2 1apNYAT DY
D= (D\DyyiD) (3.3)
- %1 Step 3-13
Step 3 dargadoyaith Tfad F, wenifadam Category Input Tias F,
Step 4 01 THuAMWNMINY 0
- Wadalmuaoniynlwl dulnuaii 1 e £,
- Al Top-down Weight voa TnusoniynImimiousuyadoyaith uaz
RIMUAR Degree 138U
- Amuali Tuuae i nidiidusunuven Class fgatoy yahyaiiiumngn

Step 5 S Inuaemnn T 0 %1 Step 6-13

Step 6 NMUUA Vigilance Parameter 11111 Base-line Vigilance (;)

" a = ' =1 g a =
JUN 3.2 daneTiivves lasaiodszamiouuumnguna Irde19nusin
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Step 7 ATUIUAIAIY Activation Function ypauaaz Inuamnm unasumn Tnua
o d
Y, =(Q SN0 St )) (3.4)
i=l i=1

d Ao muveanuaula
Step 8 f5ouiioy Tvuaowinn J AlannnigaiiuTnuafivug (Winning Node)
Y, =max{Y,:j=1.n} {3:5)

Step 9 fiTHIUAININ Match Function fitouasiu Inuaomivyn J
o d
V= QSN S, X)) (3.6)
i=l i=1

d 79 IMIV0INUTVIA
Step 10 NATDU Mismatch Reset (Vigilance Criterion)
Vzp 3.7
9 Var n’f o o " [
- MV < p Iivugalvuaomnn J 1 Step 8 Tnsisunn ¥ > p
- MV =p MiStepll
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- Wusuand vosTuuaeniyn J mmioulan
p=V—+e (3.8)
s n’: o
- udaTiuamMun J
- 1@ Indicator 111 Category Mismatch

-1 Step 8-11 1o 13009 JUATRZATUNN THuA
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a 1 = o
Step 13 1J5U139A1 Top-down Weight voalnuaomnn J

t ‘(nen) :tﬁ(old} UX

Ji
(ol .
f(eru:o + ) if Anja‘ €t NX,

new) o . (39)
enJr'( ¥ f(e,uf v - if 4,et,NnX,
A otherwise
- dmuald £() fowdail
x if 0<x<l
f(x) = 4075 <0
1 AN AN (3.10)

Step 14 nagovoulvlumsnga fnsusiuseu (Epoch) Tinga
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@ Y d’ 1 = a,: = ' " I= g = = o
Tuhdolaznainns Yunsumisisouivealasaindssamiounuuiinguna 1na

s =1 4 3/ a 1o R ' 3
01NN Fatigadeyaiadennqua (Synthesized Text Document) 3 nay Tasdoyausdaz

o

] ﬂ @ Y P ﬂ kY & - wad A . wa
7 HAWNUIDIVDUANLVUUDAINY (Text) BIUAUANVATDLT O (Title) LIag AuTUUANT

d1n7Y (Keyword) AauaaImuglin 3.3 uaz 31 3.4

trade

business
money

travel

Class #1

network database
object

schema

Class %2 Class #3

14 3.3 uamenguuesdini lladndoyalugumniayeso
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rour
money
mana grment
market
hotel

Class #1

firewall
frp
mail

database
oracle
ormalization

Class #3

Class =2

ar

314 3.4 uaasnguvesiiii hlasndeyalugmanniafidinsy

1 o da Yy ¥ wad M wa o o V
nquii lgaindoyaenmsnnguaiiveisesmazauauiamdiiny Taoad1ann
Toyauaasdnuuzinniz (Profile) 319 3.3 uazyilil 3.4 5 1wazidoavosdoyauday Class
UVNAIUAINATIN 3.1

l:"l o [ ¥ ‘—'-; =1 3 1 = q!l
M3190 3.1 uaasdAdngavestoya minnlslumsSeuiveslasemlszamiioud

NI AaiAYois 04 AuauiamdIfty | Category Input
D, “protocol” “mail” category 2
“java” “web”
“network” “ftp”
D, “protocol” “xml” category 3
“object” “web”
“schema” “oracle”
“database”
D, “internet” “xml” category 2
“java” “web”
“mail”
Step0 -  1IMUA Learning Rate ( ) = 0.02

- MUA Vigilance Parameter ( p) =104

- MYUA Small Value (¢) = 0.02

- MMUAAT Degree I3UAU = 0.5



Step | Ea'hjﬂﬂﬁau"lﬂunﬁnw N1 Step 2-14
Step 2 1AonyAToyAhAIRUT |
D, = {“protocol”, “java”, “network”}
Dy = {“mail”, “web”, “ftp”}
- M1 Step 3-13
Step 3 AaAgAdoyaIth $19UT 1 1az Category Input
X e = 1“protocol”, “java”, “network”}
Keyword = 1 Mail”, “web”, “ftp”}
Category Input = category 2
Step 4 THUAD NN 1MIAD 0
- afuTnuaeniynlud Tuuadi 1 fe Y,
- Al Y Sudaunuves Class 7 2
- 1% Top-down Weight aviﬁuagm’fauah’fwﬂ{’: HAZRIMUARY Degree Buan iy
UANZAIVDY Top-down Weight :l?\lfi']ﬂu‘l%ﬂﬁlu Top-down Weight LﬂuﬁQﬁy
t,, = {(protocol, 0.50), (java, 0.50), (network, 0.50)}
t,, = {(mail, 0.50), (web, 0.50), (ftp, 0.50)}

Step 14 asnvaouideu lvlunisnga Tuasseulvlumsuga suyaveyadigalni

step 1 89 lunsadou lvlumsnga %1 Step 2-14

- ¥ Y o wa
Step 2 mamgmau“ammmm 2

LL TS

D;,.. = {“protocol”, “object”, “schema}

D = {“xml”, “web”, “oracle”, “database”}

Keyword
- m Step 3-13
Step 3 @ 1yAtoYAT §19VN 2 1AY Category Input

LLINTY LI Y

Xiwe = {“protocol”, “object”, “schema”}

LR INTY

Keyword = 1 Xml”, “web”, “oracle”, “database” }
Category Input = category 3
Step 4 1i3in15%1971 %1 Step 5
Step 5 Inuamun limidy 0 (MY 1) 111 Step 6-13
Step 6 Vigilance Parameter ( o ) = Base-line Vigilance ( ;_) )=04
Step 7 AIUIUAINIY Activation Function Y8auAaz IMUALDIMWN 1WATUNN THUA

Vi = IS e s 1)+ SCX ana i VIS (100 + S 11))

27
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91301007 (3.4) AUIVAIAIY Activation Function V0ILAAZ THUAIDINYN

Xiwe = {“protocol”, “object”, “schema”}

t, = {“protocol”, “java”, “network”}

S(X'm.res[u) =

[(Sspan ({“protocol”, “object”, “schema”}, {*“protocol”, “java”, “network”})) +

(S comen (1“protocol”, “object”, “schema”}, {*protocol”, “java”, “network”}))]
=[((3+3)7(2*5)) +(1/5)]
=[(6/10)+(1/5)]

=[0.6 +0.2]

=0.8
Xiepword = 1xml”, “web”, “oracle”; “database”}
= {Ymail?, “web”, “fip”}
S (X Kevword » [, ] =

[(S,,., ({*xml”, “web™, “oracle”, “database”}, {“mail”, “web”, “ftp”})) +
(S e (1*xml”, “web”, “oracle”, “database”}, {*mail”, “web”, “ftp’’}))]
=[((4+3)/(2*6)) + (1/6)]
=[(7/12) +(1./6)]
={0.583 +0.166]

0.749
S(X,1)

0.8 +0.749
=1.549

LTS

t,, = {“protocol”, “java™, “network™}
S(ty.t n) =
[(S,,,, ({“protocol”, “java”, “network™}, {“protocol”, “java”, “network”})) +
(S e (1“protocol”, “java”, “network™}, {“protocol”, “java”, “network”}))]
=[((3+3)/ (2*3)) + (3/3)]
=[(6/6)+(3/3)]
=[1+1]
=2
t, = {"mail”, “web”, “ftp”}

S(Ill’tlz) N
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[(S,,., ({“mail”, “web”, “fip”}, {“mail”, “web”, “ftp”})) +
(S e (1mail”, “web”, “ftp”}, {“mail”, “web”, “fip”}))]

=[((3+3)/(2*3)) + (3/3)]

=[(6/6)+(3/3)]

=[1%1]

=2
S(t,t) =2+2

=4

Y, = S(X,0)/S(t,)=¥549/4
=0.387
Step 8 °lmjmzf‘:mﬁuma1ﬁvm e lnuaideinio Y, fariy v, (Iuadifiawiniige) e v,
Step 9 A1UIUAIAM Match Function ﬁa%“amiaﬁuinummﬁvgnﬁmuz Aoy,
V5 [S(XTHI:' sin) + S(XKe-_mmrd s3] /[S(ere > XTih‘e )+ (XKU'WorJ ’ XKeyu'ord )]
915 01UN5 (3.6) AMMA0IAIATY Match Function
Xrwe = {“protocol”, “object”, “schema’}
t, = {“protocol”, “java”, “network”}
S(X;-,—,,,,f”) =
[(S,,,, ({*protocol”, “object”, “schema”}, {*protocol”, “java”, “network™})) +
(S oniem (1“protocol”, “object”, “schema™}, {“protocol”, “java”, “network”}))]
= [((3+3)L(2*5)+ (1/5)]
=[(6/10) +(1/5)]

=[0.6 +0.2]

=0.8
Kiepwors = 17xml”, “web”, “oracle”, “database”}
t, = {"“mail”, “web”, “ftp”}
S(XKe}'word’I]Z) =

[(Sspm ({“xml”, “web”, “oracle”, “database”}, {“mail”, “web”, “ftp”})) +
(S omen (1“xml”, “web”, “oracle”, “database”}, {“mail”, “web”, “ftp”} )]
=[((4+3) / (2*6)) + (1 / 6)]
=[(7/12)+ (1 /6)]
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=[0.583 + 0.166]
=0.749
S(X,t) = 0.8+0.749
=1.549
X = 1“protocol”, “object”, “schema”}
S(X gie > X gine) =

[(S,,,, ({*“protocol”, “object”, “schema”}, {“protocol”, “object”, “schema”})) +

span

(S onem ({“protocol”, “object”, “schema}, {“protocol”, “object”, “schema”}))]
= [((3+3)/ 2*3)+ (3 /3)]
=[(6/6)+(3/3)]
=J14 1]
=2
Kiepwors | =-4“xml”, “web”, “‘oracle”,; “database™}
S(X Keyword > X x.;-word) =
[(S, 1. ({*“xml”, “web”, “oracle™, “database”}, ({“xml”, “web”, “oracle”, “database”})) +
(S onem ({*xml”, *web”, “oracle”, “database”}, ({*‘xml”, “web”, “oracle”, “database”}))]
={((3+3)7(2*3)) + (37 3)]
=[(6/6)+(3/3)]
A #)1
=%
S(X,X)=2+2
=4

V = S(X,0)/S(X,X) =1549/4
= 0.387

Step 10 NATDY Mismatch Reset N15019UM5H (3.7)
V<p 0387 < 04
- WindaTnumeninn v, Tay Y, =-99
- Wistep 8 Tmdaund ¥ > p udiiloanin Tnuaoninm fiiioa Tnuaidoaie v,
39'lr U Step 10 (Mismatch)

-m Step 12
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Step 12 1AvuAsUNN Tnuaudd ik Step 10 (Mismatch) 130 Step 11 (Category Mismatch)
- aduTnuaeniynlmi Tnuaii 2 /e v,
- Amuald v, iudumuvea Class 7 3
- ¥ Top-down Weight whifusgadoyaiihyaii uazimuan Degree Gudulniy
UARZAIVDY Top-down Weight =‘§~1ﬂ'1ﬁm%ﬂ“lu Top-down Weight lﬁuﬁ»‘lﬁy
t,, = {(protocol, 0.50 ), (object, 0.50), (schema, 0.50)}
t,, = {(xml, 0.50), (web, 0.50), (oracle, 0.50) , (database, 0.50)}

Step 14 asaaouon lvlumsnga Tuasadeoulvlumswga Wiugadonartrygaln

Step 1 8aluasadoulylunmsnga 1 Step 2-14
Step 2 tapngATOYATIRIADTN 3

—_ (134 L E BT 54 »
Dy, = {“intémet”, “java”}

kemwors' = 1 xml”; “web”, “mail” }
- M1 Step 3-13
Step 3 ﬁﬂﬁ]‘gﬂﬂﬂym% ﬁWﬁU‘ﬁ 3 U2 Category Input
iy

Xt = {“internet”, “java

Kikepwora = A1xml”, “web”, “mail” }
Category Input = category 2
Step 4 Tufin15711911 %1 Step 5
Step 5 Trua@ Wiy huimvy 0 (imfy = 2) W1 Step 6-13
Step 6 Vigilance Parameter ( o )= Base-line Vigilance (; )=04
Step 7 f1UIWAIAN Activation Function Y9ILAaL Inuan1inm 1uasunn Tnua
Y, = [S(X?'r'lle’tl )+ S(XKE_)'wurzf’tll)]/[S(rll )+ S k)]
AMUIUAINIY Activation Function Y93 THUABINKN Y,
Xiwe = 1“internet”, “java”}
t, = {“protocol”, “java”, “network”}
S(X e styy) =

[(Sspa,, ({“internet™, “java”}, {“protocol”, “java”, “network™})) +

(S

LI

coment (1Internet”, “java”}, {“protocol”, “java”, “network™}))]
=[((2+3) / (2*4)) + (1 / 4)]
=[(5/8)+(1/4)]
=[0.625 + 0.25]
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=0.875
chyword = {"xml”, “web”, “mail” }
t,= {“mail”, “web”, “ftp”}
S(qukunr o, ) =
((S,,., ({“xml”, “web”, “mail” }, {“mail”, “web”, “ftp”})) +
(S gomen (1“xmI”, “web”, “mail” }, {“mail”, “web”, “ftp”}))]
=[((3+3) / (2*4)) + (2 / 9)]
=[(6/8)+(2/4)]
=[0.75 + 0.5]
=1.25
S(X,1) = 0.875+1.25

20125

t, = {“protocol”, “java”, “network”}
S(“n’tu) -3
[(s

3 i

e L1 “protocol”, “java”, “network™}, {“protocol”, “java”, “network”})) +
(S omem ({*“protocol”, “java”, “network™}, {“protocol”, “java”, “network’’}))]
=1((3+3)/(2*3)) + (3/3)]
=[(6/6)+((3/73)]
=[1"41]
=2
t, = {“mail”, “web”, “ftp"}
S(t 122015) =
[(S,,., ({“mail”, “web”, “ftp”}, {“mail”, “web”, “fip”})) +
(S omene (1mail”, “web”, “ftp”}, {“mail”, “web”, “ftp”})))
=[((3+3)/(2*3)) + (3 /3)]
=[(6/6)+(3/3)]
=[1+1]
=2

S(’a!) =2+2

=4
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Y, = S(X,0)/8(t,t) =2.125/4

=0.531

-3 L] . . - L
AITUIUAINIY Activation Function Y83 THUADINNWN Y,

M el

Xrge = {“internet”, “java”}
t,, = {“protocol”, “object”, “schema”}

S(me[zl) -

((S,,,, (1“internet”, “java™}, {“protocol”, “object”, “schema”})) +

span

LTI T34

(Seomen ({“internet”, “java™}, {“protocol”, “object”, “schema”}))]
= [((2+3) / 2*5))* (0 / 5)]
=[(5/10) +(0/5)]
=[0.5+ 0]
=0.5
Xieywarg| = A“Xml”, “web”, “mail™ }

Ik,

t,= {“xml”, “web”, “oracle”, database” }
S(X Keywani »! 22) 0
[(S, e, ({*“xml”, “web”, “mail” }, {*xml”, “web”, “oracle”, “database” })) +
(Seomen ({“xml”, “web”, “mail” }, {“xml”, “web”, “oracle”, “database” }))]
=[((3+4) 7 (2*5)) +(2/5)]
=[(7.210) +(27 5)]
=[0.7 +0.4]
= 1.1
S(X,t) =05+1.1
=1.6
t,, = {“protocol”, “object”, “schema”}
S(t wln) =
((s

an (1 °protocol”, “object”, “schema”}, {“protocol”, “object”, “schema”})) +
(Somen ({protocol”, “object”, “schema”}, {“protocol”, “object”, “schema”}))]
=[((3+3)/ (2*3)) + (3 /3)]

=[(6/6)+(3/3)]

=[1+1]

=2
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L, = {“xml”, “web”, “oracle”, “database” }
S(ty,ty) =
[(Ssm" ({“xml", "Web“, “Ol'acle”.. udatabasen } : {“X.mi”, “Web”, “Ol‘acle", “database” } )) +

(S ({“xml”, “web”, “oracle”, “database” }, {*“xml”, “web”, “oracle”, “database” }))]

content

= [((4+4) / (2*4)) + (4 / 4)]
=[(8/8)+(4/4)]
=[1+1]
=2

S(t,t) =2+2

=4

Y, = SEX{t)/S(t,t) =1673
=04

Step 8 1@an Inuneivmitismniga fie Y,

Step9 ATUIUAINN Match Function iFpuaany Tnuafiauz io Y,
V= [S(X?'Ir!e ’tll ) + S(X.‘.'trvword !IIZ )] /[S(XTHle 4 XTHIe ) + (XKe)word ’ XKL’)‘Wprd )]
fAUIUMA TN Match Function

X1 = {“internet”, “‘java”}

Title

t, = {“protocol”, “java”, “network’’}

S(Xpige ), =
[(S,,,, ({“internet”, “java”}, {“protocol”, “java™, “network™})) +

S ({“internet”, *java”}, {“protocol”, “java”, “network™}))]

content

=[((2+3) / (2*4)) + (174)]
=[(5/8)+(1/4)]
=[0.625 +0.25]

=0.875

Kcywurd — {u.xmln’ “Web", “mailn }

t|2 = {“mail”, “web”, uf‘tpw}

S(XKeyward ’ IIZ ) =

[(S,,,, ({“xml”, “web”, “mail” }, {*mail”, “web”, “ftp”})) +

span

(S ({*xml”, “web”, “mail” }, {*mail”, “web”, “ftp”’}))]

content



=[((3+3)/(2*4)) + (2/4)]
=[(6/8)+(2/4)]
=[0.75+0.5]

=125

S(X,t) = 0.875+1.25

=2.125

Xiue = {“internet”, “java”}
S(XTJ'M';' > X'.fjh'e ) =

el

[(S,,., ({“internet”, “java”}; {“internet”, java”})) +

span

LT

(Scomen (1 internet”, “java™}, {“internet”, “java™}))]
= [(@+2) L2*2))+ (2 12)]
=[(4 14y + (212)]
=11
=2

Kieywors = -1"xml”, “web”, “mail” }

S(X Keyword » X xe,m-om) =

(S, ({“xml”, “web”, “mail” }, {*xml”, “web”, “mail” })) +

(Seonent (1“xml”, “web”, “mail” }, {*xml”, “web”, “mail” }))]
=[((3+3) / (2*3)) + (3 / 3)]
=[(6/6)+(3/3))
=[1+1]
=2

S(X,X)=2+2
-4

V = S(X.0)/IS(X,X)=2.125/4
=0.531

Step 10 NATDU Mismatch Reset
- V=2p,0531> 04

- hisimsdudanuaeninn v, 1 Step 11
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Step 11 GI‘i’Ji)ﬁEJ‘U‘il Class 'ﬁi‘lﬂ‘u 59N Category Input H?B'lli
- WA Y, iudumuuea Class 7 2 11 Category Input AFVIIVBIYATDYD
£ d:l"d
MWNYAUND category 2
- IN312R2UU Category ATINY
- m Step 13

s

Step 13 15u1)33f1 Top-down Weight voa Tnuaeniynd1sui 1 fo v,
Title 1182 Keyword ¥03adoyaiin ¥ah 3 fo
Xiwe = {“internet”, “java”}

7

X = {“xml”, “web”, “mail” }

Keyword
A ¥nlu Top-down Weight yataunilugail

t,, = {(protocol, 0.50 ), (java, 0.50), (network, 0.50)}
t, = {(mail, 0.50), (web, 0.50), (ftp, 0.50)}

a9 InI511J59 Top-down Weight 1ida T a1 3n 1 Top-down Weight 3alnidaii
t;, = i(protocol, 0.48 ), (java, 0.52), (network, 0.48), (internet, 0.10)}
t,, = {(mail, 0.52), (web, 0.52), (ftp, 0.48), (xml, 0.10)}

Step 14 asndoviiou lylumsnya hinsutoulvlunisnga WSugadoyaidgnInide

L] u

WATUNNYA HASATUSINTOVVDINIFEUT Tanganisriiau

A [ - G a 4 o« o =Y 3 1 o o o b4

wiolasanudsramiouiuuiinduna Idersnuin uuivndoyadmsvcon? 3
¥R 919U 1 501 SouTeuiad 914/ Top-down Weight 1aadz1lfi 3.5

ar a v o 1 =1 g a =) o
NN uaz nAao USRI NINYes Iasei sz miissuuuiingsuwa 1ig

3 o a’: ' ° ] a a a [~
1NN SouTosud Juaouse lAnh Insaniedszamifouuuiinguna Ildorsnusin
TuneasaiudoyaiilFarusis Saluumdi 4 1znd1da n1smaasaazranisnaass nioui

ar a a o ] =1 o a =Y o o [=1

msiadszanimmmanhinuveslassilszmiiouuniinSuwa Iidorinuiin Ta
Yoyaildlunisnaanail 4 gadeya 1dun 1. yadoyaiiadianinngudisnusnmisangu
MU 3 ngu 2.Ad0Ya CSTR [13) $119u 4 nquians 3.yAveya Reuters-Topl0 [14]
91U 10 nuenas uaz 4.4adoya K-dataset [15] 511494 20 nguionas Fadoyausazyn

o o

Usznoudisnuanidsesewaznuaniaiidify s1waziBoaveanisnaaoaaznants

naaoIna 1dnanae i



CATEGORY INPUT

CATEGORY
LAYER
(Fy)

QUTPUT
LAYER

(F3)

INPUT
LAYER
(Fy)

) (.
T
!
|
]
Y, Y,
i
“pretazs™ € |
Java"  CA2
‘navweck’ [ D48
‘wterred”: 0,00 w08
R e
Brows ::13‘ 0 toracie’ 0.9
% obet’ © A ‘datasase’ 02
ey’ 2

UM 3.5 uaAAI Top-down Weight vpaTnsatienlsz amionuuumnduwa ldorsnuiin

@ = i
HEIINNITIS8US
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VNN 4

NINAADUIATHANIINAADI

4.1 myladszansmmmsmauvesluna

msinlszaninmmsihanvesluma 18196 5adszAnsnmi 19 uaus5oia
AR IAYSZANTNINOAITINNYNABY (Accuracy Rate) nazaaialszaninmluauise
NNATUNTAUAUT IS AUNA (Information Retrieval) ADA13A15EANTNIN F-Measure 112262

» v
52N ENIW Entropy 1asiiswazideauadiinazii¥ianase 11 (1] uaz [8]

4.1.1 fMIN5zaNEMNensInINGANADI (Accuracy Rate)

A3z ANENINBATIANGNADI 15 1WaziBuARIauNIsN (4.1)

r=[(Q]doc,)/n]*100 (4.1)

i=l

Tavhi ¢ An SyveItoyanaoUgnADy

3
n Ao M vDITeYANINNA

o s

4.1.2 MINY5ZaNEMN F-Measure
Ariadazd@ntain F-Measure 191un1s danaugnassveemsswunnguonais Ta
\ . v
AMIAMIUNIAT Recall 4az Precision A1 F-Measure 323if10452131 083 1 Taofintiay

Yt 1+ Y

vendmamsiuunnauenaisiaNugndeunneiivela s 18T oouana
Frfinnugndsadi Sraiidmamldfiauiiu g uaaehilanugndesgaga msdaumen F-
Measure F(i) 404 Class §19ufl i swisoAnn lanaunisivzna el uarouss
AU F(i) 912809R1IUNIA Recall 182 Precision $4d1URMIMHIAT Recall 11ae
Precision H9130110 10315 4.1

aun N 1¥EMSVMIA Recall 1182 Precision ADANNITN (4.2) 1AL (4.3) MWEIEV

| Ra, |
| R |

Recall(i) = (4.2)

| Ra, |

14,1

Precision(i) = (4.3)



Taon

a i

| Ra, |#1D $147UYD0NT1597 Category §19UM i MduanFnlu Class S0 i

b.

IR, | fip Swauveuenaisitinn1ylunsnaans Mduau@nlu Class 1907 i

| 4,] Ao SmanveuNMITMINHAMSNAADINDY U Category 1AUN i

Relevant Docs

in Answer Set

Ra |

Collection

Relevant Docs Answer Set

JUM 4.1 uanaaui153An1 Precision 18 Recall Tumsdoavemsauma 8]

MIAUIUHIAT F () VD9 Class MAUN i @unsosvu laninaunisy 4.4)

_ 2* Recall(i)* Precision(i)

F(i) _ — (4.4)
Recall(i) + Precision(i)
MIAIUINAT F-Measure ¥93909) Class 13130/ 110730 140 Indun 151 (4.5)
n R
F= uF(f) (4.5)
i=1 N

Taof 7 Ao 1MUIUVDI Class

A o o
N A9 UIUBATITNIHYA
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4.1.3 analszansam Entropy

#2791 52 N5 1N Entropy 19 1un1sianisdouniuiuveInguendls axiin1ogy

551319084 log, (O 1ife € fodmaunguuouenms il wrunguenas 4 ngu i"hf:ilzﬂg
FEN190D49 2 IIMIUNGUIBNATS 10 NGU A19ZBYIZHIN 0 D3 3.3219 HazdMIUNQUIBNTS
20 NGV ANOYIZMIN 0 01943219 Tﬂuﬁmﬁﬂzuanimamsﬁmunnzjumnmsﬁms%’auﬁu
Munneaiisala Srarfisiuna 18Gauii o uaaei hifinsdewiuiuveusnmsias ms
A1UIUMIA Entropy TasmsAnamainninziuiigudneinwanisnaasaves
Category 810D i ﬁagi“lmwia: Class Famunmningiuide p, UAzADIAANNA Class

minnl¥lunisnaaou %371 Entropy ¥91AaL Class M1 1A1nauN151 (4.6)
E, == p;log,(p,) (4.6)
J=

Taoh n A9 9IMUIUUDA Class

A1 Entropy 93909 Class ¥11891naumsN (4.7)

n 1 AN*E.
E e [ 1 ] I (4.7)
1=1 N

Taoh

| 4, Ao S wImenasvInwanismaaniioylu Category 1907 i

n A9 1IUINYDI Class

ai 2
N A9 S Iuena1Inanua

4.2 gaveyanlylumsnaaes

"
9 51

kY =) P " e o [
FoyailFlumsnansad 2 uuy fe Jeyanaiannnguaidnysmuisingy laons
' Ed
quUIINAIBNYIMINTBYAAAIANUULINNIE (Profile) N MUATLIBL Sundoyaduns iz
(Synthesized Dataset) tWovinnlgmaasunisiinuvesluaa newrh il 1siudoyass uaz

v wa A

L . . :
Foyanldiueis uiludeyaiildlumsiuundszinmenars Yoyannyaldnuauiase

P wa g g o v o g W o ¥ = v
1503 tazRuanUaAMdIAY Yoyauuun 2 Hlrlumsnaasaliiiuiu 3 gavoyane L.yavoya

CSTR [13] 2.3A%0A Reuters-Topl0 [14] uaz 3.4ad0Ya K-dataset [15] gAdoyans 3 4a 1hy
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aglugduvuududoya HTML waz XML msiazihdoyamaril T 1Fnuzdesiinisinsoy

" ¥ »
Foyanewindigluna Faswazidvavesiunoumsasoudeyaiiudail
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Yuaoui 4 1hveya Mguaularesowazauauamdny 1111 Word Stemming
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unsHaw TasazaaaIuiiiu Suffixes ¥8I81000
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Junoun 5 nasnmimireyaiwismasusoniaonas lihimsmisdeyadmiy
T Tnsevrodszamifionsoud (Training)  uagNA®dY (Testing) nazi11¥ealusuuy

g g “ WY
annsoiudng Tnssiedssamiionla drelilsunsy MATLAB Version 6.5 Tumsisous
¥

vodInsanedszaminiont Tamisdeyadmsuisous 70% uazdouadmiunadon 30%
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Qm?l’i)d #2992 aANFNIN F-Measure 11az@ 13015 AN5nn Entropy

YV Qs Qs Y
4.3 YAVDYAMIONHBINIF I UM INABLAAZHANITNARDA

4.3.1 ¥vp3ana3190INNgUAIONY3 (Synthesized Alphabet Document)
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Mptvesdoyaiadunndeyadionys minnldlumsisoud 10 swmsusn uaag

AIAITI9N 4.2

Class #1 .

Yo B2 C lass £23

71 4.2 namanguuesarsnusmithladideualugumniayeSoa

. Class 21

Class 2 Class 53

JUn 4.3 menawmmanusnm'lﬂﬁs1waua°luﬂmﬁuuwmm

" o = ' v e { o 9
M3 4.1 LAAITNENTNURaL Class voadoyadionys w1 lumsiEous

MUIUTVITN
Class 11 1 Class 0 2 Class 913
67 66 67
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M3i 4.2 nansdiednvosdeyadasnusiiadenndoyauansdnuuzinme 317 4.2 uay

U 43 mhwnlslumsisous

GRIGHT AVDINUANTA Category Input
Yoya FoiSeq Md iy

1 1,n,0,p m,n,q,r,t 2

2 a,d.e,f c,fg.h 1

3 k,m,n m,r,s,t 2

4 0,p,u,w qQ,Y,Z 3

5 V,W,X LW, X,Y,Z 3

6 bic,d ghiij 1

2 k,1I,n,0 m,n,q,s 2

8 a,c.e,f c,fi 1

9 o,u qQ.I,W,X,y,Z 3

10 Lm,p q,s.t 2

%an"aﬁﬁm11%'11:mimaaummqnﬁawaﬂmﬂaﬁt‘%‘uufmuﬁ": Tagarsatoyaya

See :nt

IMUA 5 YA 02 1,000 VoA IWAZIBIALAAINIUATIIN 4.3

M319H 4.3 uanadugadoyadsnysiinn ldnarsunnugndosues luaa

ALY UIUANTN
cqm’fana Class ﬁ 1 Class ‘ﬁ 2 Class ﬁ 3
1 330 336 334
2 328 338 334
3 332 333 335
4 332 336 332
5 330 332 338

4.3.2 HAMINADDIVOIYAVOYARIONYS

o ar & § 4 é A g
vindoyaugasanyazimmisymdsatuiudoyanldlumsioud  Faismougadeya

wamsnaaes TaolddoyadisnuslunisiSouisuom 200 doya srwaziduany

- ) a ot pY o dy o
M13199 4.1 Fam1wein1glunmsnaasuiludail vigilance

0.4 Learning Rate = 0.02



44

o & ¢

Small Value = 0.02 Initial Degree = 0.5 oz Tnumeminni ldninmsnaasaludueniyn

o C‘ o Ll Al qy d‘ A
(Output Layer) 31124 3 Tnua iuiludumuvesdoyaudazngu 3117 Class 1 2 uaz 3 Fawa

¥ [l ¥

MINNSNAADUANUYNADINTING T THumeninnd 1R Class Waawldo1agndos nnas
¥
Joya

HAYINNIINAABUANNYNABIVDI Tuaanarmsialszaniamuoa laa udaq

510AZIDUAATUAITIIN 4.4

! v dal Y o Y o
ﬂ"li'l@‘ﬁ 4.4 llﬁﬂiwﬁﬁ'ﬂﬁﬂulﬂinﬂﬂ'li'ﬂﬂﬁﬂﬂﬂ’li'ﬂ'N'lll‘UmT?Jl.ﬂa UVDIYAVDYAANIBNYSI

TIUIUANIFD HanmiIinaaoa 9931 F-
@AY | Class | Class | Class | Class | Class | Class | A2gn. | Measure | Entropy
ydoya | A1 | @2 | #s A [ A2 | 43 ABa
1 330 336 334 330 336 334 100% 1.00 0.00
2 328 338 334 328 338 334 100% 1.00 0.00
3 332 333 335 332 333 335 100% 1.00 0.00
- 332 336 332 332 336 332 100% 1.00 0.00
5 330 332 338 330 332 338 100% 1.00 0.00

AANTIOATINNUYNAD = 100.00%

ANNDY F-Measure = 1.00

ANy Entropy = 0.00

HAMINAADI YoIYATEYaIs NN N IMITInguRaiIsTues TaoTidoua | dadnys
unudennu 1 Yennu MnwansnaasaaalfifiuinisiinuvesIasatolssamifioy
g a = o o -1 o ' 9 ' 9 1 3
HUVNNFUND 1WA D15 NN ANNINIUANGUIBNTT 1HDE1IgNABY TAuA 1A UYNADA
Tumsswunnguienms Tanindaiadsz@nsamsdasinnugndes ity 100% §23a
Usz@nEn I F-Measure A Wimy 1 1azA23alls2a@nsnIn Entropy SAuM1 0 nnyadoya

d! Y o ' =1 i ar o " d’
"']f\'ll.l'ﬂ'ﬂ~ﬂﬂLHU'}'IVllliJﬂ'IicﬂﬂuTllJﬂu“U'ENlﬂﬂEﬂﬁﬂqn@u

4.4 yAloYa CSTR (CSTR Dataset) NFlumsnaasanaznanisnaasa

4.4.1 ¥aUoya CSTR HlFlumsnaans
ﬁjﬂ‘i’l‘i)l‘J,ﬁ CSTR 11910 Computer Science Technical Report [13] ﬁaﬁ‘lu‘qﬂ%y’am%’iu
MINAABUNMIIWUNUTZINNBNAT (Text Categorization) 1AZMITIANGUIDNAIT  (Text

Clustering) Taoyadoya CSTR W14 lunisnaans idondoyaiiogsznine a.a. 1991 fa a.s.
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2002 FafiENMsianuA 476 1onas wazdi 4 nquienas (18] Taoveg luguuuitudeya
1 v ' "
HTML ¥siisivaziduneglumanuan n. msnanesiiienld 2 quauiia Aequauiasesns

a LY

uazuaulamdify SwaziBoavewdaznquenasudasluaisan 4.5

M3 4.5 nansinoudeya CSTR uRaznguions

deu Fonqu NUIUBNAT
1 Al 103
2 Robotics and Vision 74
3 Systems 172
4 Theory 127
‘Sjﬂﬁu’ﬂﬂilﬂ 476

) Pl a
Tumsnaassldutisdoyaionms csTr woldlunisiSoud 70% uaz1dluns
naaoy 30% TavlivanmslunisutadeyadimsunisGouiTasnsgy (Sampling Data) 34

Wundnmsinlglnoiald Saaunisi @ 8)

N

R z (4.8)
1+(Ne?)

=,

Tay
A o Hq 9a k4
n AD IUINUDADAT 5N 1915813 (Number of Sampled Data)
= °

N A9 1UMBNT1TNINUA (Number of Population)

e 0 A Error Noonsy'lé (Sampling Error)

o ' 9 o a = § o {
nasnnuveyadmiu1FlumsSouiawaumsi @.8) ud a2 1ddoyadanisad
i

4.6 A1

M31aN 4.6 uaasimudoya csTR M lunsSouiuaznacevedaznguionais

NuIMenaIIN 1y

=20
=]
2

ol
: =

=] 3
13UU73 naAaol

Al 73 30
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M319N 4.6 (910)

fwuenansily
ongy Soul nAToU
Robotics and Vision 52 22
Systems 121 51
Theory 89 38
3N 335 141

4.4.2

¥
HanInnaoIveIgAvaya CSTR

é L o 4
MSNARDIVDIYATDYA CSTR i) 4 nguonais smaudenanldlunsnaaey 141

1PATNT FI31WAIBOAVDMAAZNGUAWMINN 4.6 W3R N1F U1 NAas LAz LY

Tnuaemiynitldninnismaaesgaiafigavesudnzya uanadansnd 4.7 $1uauTnue

o dyd o w ; "o o " aa L4 .l . = o ' q’
il 18 bisaduegiunisfmuaniTuaus (Vigilance) 31 THuao i ynimaiiioy

\ ‘=‘ o o WQA 4 ey o
iU Weight Mlsznouniomddgvesnm auiiasers sutas auauiian

U 30 ae Ivua

GREITRY

o o

wmua 'l

M3 4.7 uaasri s iinesag ilFlumsnaasuazinou Tuuaeninn vesyadoya

CSTR nyA
Ay Vigilance Learning Small Initial Output
‘lgﬂ‘ffﬂuﬁ Rate Value Degree Node

1 0.29 0.02 0.02 0.5 133
2 0.26 0.02 0.02 0.5 93

3 0.29 0.02 0.02 0.5 111
4 0.25 0.02 0.02 0.5 115
5 0.25 0.02 0.02 0.5 140
6 0.27 0.02 0.02 0.5 133
7 0.29 0.02 0.02 0.5 111
8 0.25 0.02 0.02 0.5 112
9 0.25 0.02 0.02 0.5 106
10 0.25 0.02 0.02 0.5 109
11 0.25 0.02 0.02 0.5 117
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¥ "
HAINNITNAADY YDIRATDYA CSTR UAAZYA UAAISIUIUBNA IS NanuaR 191N

¥
NINANDIVDILAAL Category smﬁamﬁnﬂmmg!ﬂﬁ'm A1 F-Measure L@ZA1 Entropy @3

a
AN 4.8

M3197 4.8 LARIHAANTH IdnInMInaaouNsRauYes Tuea veayadeya CSTR NnyA

ARy IUIUBNATS 11 Category A9 9951 F-
‘b’ﬂ‘lallmluﬁ Al Robotics | Systems | Theory | f2UQN Measure | Entropy
ADA
1 29 21 54 37 86.52% 0.8639 0.6850
2 26 24 54 37 89.36% 0.8925 0.5445
3 26 26 54 35 87.94% 0.8806 0.5602
4 28 29 49 35 92.20% 0.9249 | 0.3924
5 24 30 48 39 92.20% 0.9240 0.3362
6 33 22 50 36 88.65% 0.8880 0.5548
7 18 32 52 39 89.36% 0.9811 0.4599
8 26 26 52 37 92.91% 0.9295 0.3586
9 27 27 49 38 92.20% 0.9235 0.3938
10 25 26 53 37 92.91% 0.9294 | 0.3660
11 26 26 2 37 92.91% 0.9295 0.3586
AmABSATIANUYNABY = 90.65%
fhm?;ﬂ F-Measure = 0.9152
ANNAY Entropy = 04555

510021IBUANINMINATOUNTMNNUYDI TuAa YoIgAtoya CSTR ¥AN 1D aAd 11
Tasldmisdimesuaazganiun1s19i 4.7 FanannnisnaasuveItoyaunazya uans

5I0ALIDYARINITIIN 4.9 DIATIIN 4.19 AU IAD

MM 4.9 LAAITIVAZIBIAINNMITNATDUMITNNVDA TuiAA Yoagadoya CSTR 4aT |

nguIONas Swuwenasi ldanmisnaassluu@ay Category
(Class) Al Robotics Systems Theory 39
Al 23 4 1 2 30




A519N 4.9 (7D)

NQUIBNAS Smmenasitldnnmsnaansluusay Category
(Class) Al Robotics Systems Theory 3
Robotics and Vision 4 15 3 0 22
Systems 1 1 49 0 51
Theory 1 1 1 35 38
59 29 21 54 37 141

ABATINIINGNAB = 86.52%

A1 F-Measure = 0.8639

M Entropy = 0.6850
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A3199 4.10 HAAIIIAIDIADINNITNATOUNIINIAMNYDI TIRa YDIYATEYA CSTR YA 2

nQuIBNENS Suamenmisi idenmsnanesluusay Category
(Cls) Al Robotics Systems Theory 33U
Al 22 4 3 1 30
Robotics and Vision 3 18 1 0 22
Systems 0 1 50 0 51
Theory 1 1 0 36 38
59 26 24 54 37 141

A1BAIIANUYNAD = 89.36%

1 E-Measure = 0.8925

M Entropy = 0.5445

M399 4.11 LAAITIBAZIBIANINMINATEUMIMUYE TuiAd YoayAToyA CSTR ¥AT 3

NQUIBNES Snmenasi ldnnmanaasslundaz Category
(Class) Al Robotics Systems Theory 3
Al 22 v ] 0 30
Robotics and Vision 3 17 2 0 22
Systems 0 1 50 0 51
Theory 1 1 1 35 38




MI1N4.11 (AD)

PRIl

26 26

54

35

141

A19A5INWYNADA = 87

94%

1 F-Measure = 0.8806

f1 Entropy = 0.5602

1 = o YV {
M990 4.12 1AAITIOAZIDEATINMINATOUNIINIIUUD Tuaa YoagAToYa CSTR YAT 4

NQUIBNAI Swenaisi 1dvnnisnaassluudas Category
(Class) Al Robotics | Systems Theory Rt
Al 26 4 0 0 30
Robotics and Vision 1 21 0 0 22
Systems 0 3 48 0 51
Theory 1 1 1 35 38
3 28 29 49 35 141

' oo ¥
AN NUYNADY = 92

20%

il F-Measure = 0.9249

1 Entropy = 0.3924

M99 4.13 1AA1BIBEAINNTINATOUMTINNIUUEI TUna Yo IyAtoya CSTR 4N 5

NAUIBNAI3 Sunmenmsildainnsnaanalunday Category
(Class) Al Robotics Systems Theory Rty
Al 23 6 0 1 30
Robotics and Vision 1 21 0 0 22
Systems 0 3 48 0 51
Theory 0 0 0 38 38
33U 24 30 48 39 141

ABAIINNUYNADI = 92.20%

A1 F-Measure = 0.9240

f Entropy = 0.3362




A13131 4.14 LAAITI002IBANINNIINATEUM 111UV A YBIATDYA CSTR ¥AT 6

NQUIBNAS Smuenansii 1¥a1nminaasaluusias Category
(Class) Al Robotics Systems Theory e
Al 25 3 0 2 30
Robotics and Vision 4 17 1 0 22
Systems 1 1 49 0 51
Theory 3 1 0 34 38
33U 33 22 50 36 141
ABATINNYNADI = 88.65%
A1 F-Measure = 0.8880
A Entropy = 0.5548

M990 4.15 HAMITIVALIBIATINATINAAOUNSIILYBA TuiAn veayadola CSTR AT 7

NQUIBNEIS Samenansii ldsnmsnanealuusas Category
(Class) Al Robotics Systems Theory 34
Al 0 18 9 1 2 30
Robotics and Vision 0 21 1 0 22
Systems 0 1 50 0 51
Theory 0 1 0 37 38
eIV 18 32 52 39 141
ABATININYNADY = 89.36%
A1 F-Measure = 0.8911
fi1 Entropy = 0.4599

M1919%1 4.16 LAAITIBAZIBIATINNIINAADUNITMNNUYDI TuiAa YOIYATDYA CSTR YA 8

nQuIBNEIS Iuena1si 1Avinmsnaassluudaz Category
(Class) Al Robotics Systems Theory gt

Al 24 5 1 0 30

Robotics and Vision 1 20 1 0 22

Systems 0 1 50 0 51
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319N 4.16 (AD)

Theory 1 0 0 37 38

3N 26 26 52 37 141

AIBATINNNYNADY = 92.91%

f1 F-Measure = 0.9295

f Entropy = 0.3586

M3 4.17 uanIvazBAnNMINAdoUM LYl Tuina veaatoya CSTR AT 9

nguIONa1s Snuenmsi 1dnnmsneasslundas Category
(Class) Al Robotics Systems Theory U
Al 25 4 1 0 30
Robotics and Vision 1 20 1 0 p. 2
Systems 1 3 47 0 51
Theory 0 0 0 38 38
52 27 27 49 38 141
A1 BATINIUYNABA = 92.20%
A1 F-Measure = 0.9235
A1 Entropy = 0.3938

M1319N 4.18 LAAITIWAZIBUAYINNISNATBUM SRV VB Tuina ¥99%AY0A CSTR yAT 10

NAULBNAS Smaena1sh Idnnmsneassluidag Category
(Class) Al Roboticsi Systems Theory 3
Al 24 5 1 0 30
Robotics and Vision 1 20 1 0 22
Systems 0 1 50 0 51
Theory 0 0 1 37 38
320 25 26 53 37 141
ABAIINNNYNADY = 92.91%
i1 F-Measure = 0.9294
1 Entropy = 0.3660
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M31971 4.19 LAAITWAIBUATINNITNATOUMIINIUVEI TuAD YoIYATeIa CSTR YAT 11

NQUIDNAIS fnamenasi ldnnmanaassluuday Category
(Class) Al Robotics Systems Theory 3
Al 24 5 1 0 30
Robotics and Vision 1 20 1 0 22
Systems 0 1 50 0 51
Theory 1 0 0 37 38
39U 26 26 52 37 141
ABASINTIIYNADI = 92.91%
f1 F-Measure = 0,9295
i1 Entropy = 0.3586

HAYINM I NARBIVBIToNaNAAz YA uaas lfimudINITMInuYesInseinlszam
P g a a 7L pindebey ° ' : ' ¥ =R
MOVLUVINNFUNA THAD TN A0 IMUNNAUIBNAIS 1ADE1IRNADY FIAIVDIAI Y
gnasalumsimunnguendis Tasianadrialszansamoasiniiugnasy  adda
Usz@N5n N F-Measure 1agA23AU52@N50 M Entropy laa1ninmsanimegluszaung

HAYINNMINATUMSTNNINYD TIAa veagadaya CSTR taaaliiiuinguonas
Al 1@z Robotics and Vision HiMdAgidouiuiuunniingudus 1181910 Robotics and

& il =& - o~ 9 a = “ Y o "

Vision 1Hludmniiaues Al Fanai Ieaumsni 4.9 fam131i4.19 uaaalfiiudimnyge
doyaveanguiones Al vz liidaoulunquiona1s Robotics and Vision $14UBINNTINGY

1PAATOUNNYA AIUNGUIONAIS Theory FoUNUAUNGUIBNA1TOUIBY

4.43 wamsifSpumspnulmaaniag vesyadoya CSTR

Twaail#lumsnSouisuanugndeareansiia :1nam3do (18] FaiiTuaa
7199 Sl

1. GDA f® Generalized Discriminant Analysis

2. NB 70 Naive Bayes

3. KNN 719 K-Nearest Neighbor

4. ME 10 Maximum Entropy

5. LDA 719 Linear Discriminant Analysis

6. SVM Ao Support Vector Machine

7. TSARTMAP 710 Text Simplified ARTMAP Neural Network
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HAN1IN1IUYDR Tuean 139 1InuIde 18] 1al¥a3alszaninmdasiniiy

a o { [ o o
anaea AntluosiFud (%) voausaz Tuaa Tasi Insaviodszamiftonnuuinguwa s

v

s d gy A a W 4 4 ar o Y o Yea o
orsmuimldrumaslumsnfSouifiouiu Tuaadug Falidsasanugndeundolndifvaiy

'
f A

4 b | dad A oa . & v o
Tuaaduq sauisuaasmiiangadaiinnnninTuaaoug Wusudui 1 vazuananiii
mINeigAveIMINAnBIAaz YA Aaaalumsian 420 uazgli 4.4 Smaudmd i 14
¥ " "
MNMsiFouivealasaiwdszamiiionil 1innisnaaosgaiafigavesgadoya CSTR i

TUIUMERY 1,555 1 Faliswazidoalumanuin v.

M3191 4.20 uaasmamsifSouiivumsiiauuaas Tuea veayadoya CSTR

TunanSvuiioy TaelFariadsz@nsnmeasnnugndes (%)
dmuvoyaild | GDA { NB | KNN | ME | LDA | SvM TSARTMAP
lunmsnaaes Average Best | Worst
476 88.50 | 90.85 | 82.53 | 92.39 | 68.29 | 88.71 90.65 9291 | B86.52
nsMuaavadesranunnaas (Accuracy Rate) vavluimadigy navyadaya CSTR
100 : CADY iy Y
b 5“9191 4k e
- e P
{ :ri R B
30 4 (i
i
it
70 4 YR -
\é";: 'l |l@GDA
= 1 @8
80 - BKNN
N | |owEe
50 -+ j - |BLo2
"l; 7|k- : asvM
40 i OTSARTMAR Average
i DTSARTMAP Best
B} M OTSARTMAP Worst
¢ i
i
104 it
il
L AR
| e |
TEAATMAR

Bieanin

Wi 4.4 nsnluansiidasnnugndeavealuaadieg veagatoya CSTR
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pannmsfivuiioulaolddrialszdninmensinnugndns inaasatuyadeya

[ Y o ' ' P= 1 g a a 4 o o
CSTR voa Twiaan199 uaasliiug  Iassviodszamimouuuumnsuna Ina1snuiin
annsaduundszuanendrs Igndesluszavilndifoaiu Tueaduqg Tavguai 1dane

9n31ANYNABURAY

4.5 ¥A1a)a Reuters-Topl0 (Reuters-Top10 Dataset) H1¥1unsnaasanaznams

Nneaol

4.5.1 yatoya Reuters-Top10 fil¥luminaaes

gadpya Reuters-Topl0 ARIABNL191N YATOYAU1Y Reuters-21578 [12) 4 David D.
Lewis tazaug 1957059 Ysvdsaud TvnaziaiigdunuTasdanveglugluuuuiudoya
SGML 11 135 NQUIBNTI3919 $1494 21,578 10AH15U12 1AU Reuters-Top10 AALABNIBURNIZ
1ONA13917 10 n'cjuuﬁﬂﬁﬁﬁm'mﬂinmnﬁqmm 135 PANIDATII V17 FayAdaya Reuters-
Top10 [14] iiugadoyan 1Flumsnadeuns sumlsziamenmsuaznissanguenais 7
ldiuedraunsvats dnvazmsinueglugiuuuuiudoya xML 5 10 naumenas 119w
2,775 19n13 FadiswazBoangiunianuan n. MInaassti@en s 2 Ao auia foAUATA

¥oisoauaznuTIARIdIAY S1waziBoavaaRanqmanaisuaaslua1Ian 4.21

A131397 4.21 llﬁﬂd%u?u‘ffﬂgﬁ Reuters-Topl0 miaznfcjmanms

S1dui Fondu UIUBNT
1 acq 719
2 corn 56
3 crude 189
4 earn 1,085
5 grain 148
6 interest 129
7 money-fx 176
8 ship 89
9 trade 113
10 wheat 71

3 )Nf‘l’ldﬂuﬂ 2,775
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lumsnaaealdinisdoynionas Reuters-Top10 a4 lumsizons 70% waz 19y

minadeu 30% TasldnanmslumsuideyadmsumsGoudTavmsdu amuaunsii

(4.8) Tadoyananisrai 4.22 dail

9191 4.22 1dAT UGN Reuters-Top10 M1FTunsdsuiaznadeuvedazngu

1onNos
Sdvi Fonqu Smwenas | Swouildisond | Swoudilimaao

1 acq 719 504 215

2 corn 56 40 16
3 crude 189 // /133 56
-+ earn 1,085 761 324
5 grain 148 104 44
6 interest 129 91 38
7 money-fx 176 124 52
8 ship 89 63 26
9 trade 113 80 33

10 wheat 71 50 21
33U 2,775 1,950 825

4.5.2 HON1INARDIVOIYAVOYA Reuters-Top10

"
=

N~ M
MINAABIYBIYATOYA Reuters-Topl0 &%) 10 nguionms $1maudoyai19luns
' ' o = o e
NATDU 825 1BNA5 5100LIBUAVDMADTNGUIONTITANATIINN 4.22 W15 1TmTi 19 Tuns
o o P Py r [ P
nAaB Az iU Inuae Myt IdaInnsnaassyafiangavoudazya nanaians1adn
4 o ' n:ly = " . a Y o o o wad 4
4.23 FInuaemiymmaiiisziium Weight lsznoudismdrdyvesquaniasodowunas

o o o

Auautamdny frua 13 lung 40 Ade Tnua

A13199 4.23 LAAIMIMITTIADT A9 WlFlumsnaaeaazinnuTnuae iy veayn

u

doua Reuters-Top10 Nnya

GRGIT Vigilance Leamning Small Initial Output

’l{ﬁ]‘fl’ ayn Rate Value Degree Node

| 0.30 0.01 0.02 0.4 773
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M319N 4.23 (7D)

a1y Vigilance Learning Small Initial Output
% av oya Rate Value Degree Node
2 0.30 0.01 0.02 0.4 783
3 0.30 0.009 0.02 0.4 796
4 0.30 0.01 0.02 0.4 914
5 0.30 0.009 0.02 0.4 916

M990 4.24 uanaradanii ldnansneaeunsiamyeslmaa veayadoya Reuters-

Topl0 NNYA
1y $1UIUBNEN3 TU Category #7139 8957 F-
yadoya | 1 |2 |3 4 | s{6|7|8]|9]10] anugn | Measure | Entropy -
793
1 180 |9 |57 | 338 | 45| 30| 68| 34 | 36 | 28 | 80.00% | 08011 0.8957
2 18319 | 54 | 337 | 46| 30 | 67 | 32 | 38 | 29| 80.85% | 0.8096 | 0.8698
3 184 | 10 | 74 | 334 | 45|°36/| 54| 22 | 36 {30 | 8267% | 0.8175 0.8221
4 219 {8 | 5732543 |31 {58|22]34]28] 8012% | 0.7992 0.8981
5 200 [ 11 | 64 | 334 |48 | 35|52 |27|35/]19 | 8424% | 0.8503 0.6594

ANRDAUEATINIINGNADY = 81.58%

AUNDY F-Measure = 0.8155

AUNAY Entropy = 0.8290

310021BUANINNIINATOUNITN N INYD THIAR UBIYATDIA Reuters-Topl0 AN 1 714
yan s Tavldmsiiinosuras yaainnisiai 4.23 Ferasnmsmaaouvesdoyaudazya

LAAITIWAZIDIAAINITIIN 4.25 DIAIS19N 4.29 AR IFY

M391 4.25 1TAITWAZIBIATINMINATOUNTINNUYDA AR YoIYATDYA Reuters-Top10

AAfi 1
NAUIONAI3 Swuenasiidinmsnaaesluudas Category
(Class)
1 2 3 | 4 5 6 7 8 9 | 10 39
1. acq 170 | 1 9 | 20| 2 1 9 0 3 0 215
3. conn 0 | 3 0| o 7 0| 0o o0 1 5 16




MR 4.25 (AD)
3. crude 3 40 2 1 0 1 8 1 0 56
4 eamn 5 3 (313 2 0 I 0 0| o 324
5. grain 0 2 2 18 0 0 3 1 14 44
6. interest 0 0 0 1 21 14 1 1 0 38
7. money-fx | 0 0 0 0 8 41 | 2 0 52
8. ship 0 3 1 3 0 1| 18] 0 | o 26
9. trade 0 0 0 4 0 1 1 27 0 33
10. wheat 2 0 0 7 , 0 0 2 0 9 21
59U 180 57 338 45 30 68 34 36 28 825

MBATINNNYNADY = 80.00%

11 F-Measure = 0.8011

f Entropy = 0.8957
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M15199 4.26 LAAITWAZIBEATINNITNATOUMIMIMYEa TuiAa Y89gATDIa Reuters-Top10

amﬁ' 2
NQUIBNAIS Smauenmsi Ik innisnanealunday Category
(Class)

1 4 4 \NS || 5 |V TN (o] To 59U
1. acq 175 8= | s, [P0 | g8 |70 |2 | o 215
2. com 0 04[C P g =N B} 7d 1 5 16
3. crude 2 39 | 1 NLAIN 8 | Q 1 56
4. earn 6 R, [P35~ 0 I 0 1 0 324
5. grain 0 p R Ny 7 N T 2 1| 14 44
6. interest 0 0 0 1 21 13 1 2 0 38
7. money-fx | 0 0 [0 | o | 8 | 4|1 1 0 52
8. ship 0 3 I 3] 0 1| 18] 0 | 0 26
9. trade 0 00| 3] o0 1 1 | 28| 0 33
10. wheat 0 o |28 0] o I 0| 9 21
59 183 54 (337 46 | 30 | 67 | 32 | 38 | 29 825

o

MBATINNUYNADI = 80.85%

i1 F-Measure = 0.8096

i1 Entropy = 0.8698
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M3 4.27 UAAITWALIBIATINNISNATOUMI MUY TUIAD YDIYATDIA Reuters-Top10

i 3
NQUIDNTTS Swmenasi ldnnmsnaassluudas Category
(Class)

1 2 3 4 5 6 7 8 9 10 3
1. acq 177 1 13 14 2 1 3 0 3 1 215
2. com 0 3 0 0 7 0 0 0 1 5 16
3. crude 1 1 45 2 1 0 0 6 0 0 56
2 G 4 o | 2 |a15] o I | 0o | o 1 324
5. grain 0 4 3 1 19 0 0 2 1 14 44
6. interest 0 0 1 0 0 25 11 0 1 0 38
7. money-fx | | 0 1 0 0 9 139 ] 0 2 0 52
8. ship | o _L@—N"N47/| oS- Y.r~pPal o 26
9. trade 1 0 0 0 4 0 0 0 28 0 33
10. wheat 0 1 1 1 8 0 0 1 0 9 21
374 184 10 74 334 45 36 54 22 3 36 30 825

AOATINNIUYNADS = 82.67%

A1 F-Measure = 0.8175

i1 Entropy =0.8221

131911 4.28 HAAITIVAIBIANINNIT NAADUN I TUYDS Ta1AR YDI%ATBNA Reuters-Top10

AT 4
AGuIBNIS Snouienasii 0 inmananesluudas Category
(Class)

1 2 | 3 | a5 | 6 -7 8| 9|10 ERlY
1. acq 184 0 | 6 [ 20| 2| 1| 1| o] o] 215
2. com 0 3 0 0 7 0 0 0 1 5 16
3. crude 4 0 41 4 1 0 1 5 0 0 56
4. earn 271 0 | 0 [297] 0 | 0o | 0o ]| 0| o] 0 324
5. grain 2 4 1 2 18 0 0 2 1 14 44
6. interest 0 | o I 0 | o |24 ]| 12] 0 I 0 38
7. money-fx | 0 | © I 0| 0| 6 |43 0| 210 52
8. ship 1 0 7 0 3 0 1 14 0 0 26




M519N 4.28

Gh))
9. trade 0 0 0 0 4 0 0 0 29 0 33
10. wheat 1 1 0 2 8 0 0 1 0 8 21
533 219 8 57 325 43 31 58 22 34 28 825

A1BATIAINYNADA = 80.12%

1 F-Measure = 0.7992

A1 Entropy = 0.8981
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M31911 4.29 UAAIWAIBUAIINNISNATOUMIHIIUYD TR Y9IYATOYA Reuters-Top10

v
=

YAN 5
NGUIBNTS Swenasildnnnisnaasalunidas Catcgory
(Class)
1 2 | 3 4 52| (6 7 8 9 | 10 3
1. acq 192 | 0 7 11 3 0 1 0 0 1 215
2. comn 0 R0l ko 8 0 0 0 1 4 16
3. crude 2 0-|48| 0 0 1 0 5 0| 0 56
4. earn 5 0 OIS 198/ @ 0 0 0 0 0 324
5. grain 0 4 2 2 23 0 0 2 1 10 44
6. interest 0 0 0 0 0 26 11 1 0 0 38
7. money-fx | | 0 1 0 0 7 | /40 { 1 2 0 52
8. ship 0 0 5 0 3 1 I & S 0 0 26
9. trade 0 2 0 | o 0 0 0 0 |31 |0 33
10. wheat 0 | 2 I 2Ql1d b 2 0 1 0 4 21
eet!] 200 | 11 | 64 | 334 | 48 (35|52 |27 | 35 | 19 825
ABATINNGNADA = 84.24%
A1 F-Measure = 0.8503
1 Entropy = 0.6594

HavINNIsNARBIvDITeyauAazyA uaaliiuiniuvesInsavielszain

Pl d a =Y o o =1 o ' 9 ' 3/ I
muuu‘uumnmuwa"lvlﬂmsmmw mminmu‘unnqumnms'lﬂamagﬂﬂaq FINTUDINTN

gndvalumsiwunnguenais Taviaondriadsz@ninmsasinnugndes  @va

Usz @5 F-Measure az@2Iadsz@nsnm Entropy Tdmnnmssnmegluse

s

Al
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HAINMISNATOUNIINMYDI TUIAA Y0IgATDYA Reuters-Topl0 AIWATIS1AT 4.25
- =1 ' U A o v o o e
09m15191 429 uamaliiiuInguendis com, grain 1AL wheat HMddAFouNUTY
4 L] & ' ' o o "
1199910 corn 11AY wheat ti'flumunuwaq grain - @IUNQUIBNAT interest %Buﬂ‘ljﬂ'l]ﬂf}u

1ONA15 money-fx UAZNFUIBNAS crude FOUNUAUNGUIBAAT ship

4.5.3 wamsnfSouinsuiulinaaniag vesyavesa Reuters-Top10
NAHANIMUYDI Tuaan1g 11003 (18] 1al¥a5alseaninmsasiaaiuy
gndes AntlunlesiFud (%) veauda: Tuaa Taofi Tnsavossamiounuuidinguna Tud

o o Y P =1 a A & a0 oW 9 - 3 = a
osnuimlgaundslumsnlSouhouiuTumaduq ¥aln1ATIANUNABAIRAsInAIRBIRY

=1

4 3 P ae & oy v &4 v o oA '
I‘Nlﬂﬁﬂﬂ“‘] '5'JJJTIJllﬂ'ﬂﬂﬂ"lﬂﬂﬂﬂﬁ‘lNllﬂ'llﬂﬂﬂ’J‘lTlJlﬂﬂﬂu‘] lﬂu'ﬂuﬂll'ﬂ 1 Haguaan

=

[ 3 o ¥

@wiigaveamsnaaowdazya fauanaluaisisi 430 wazgilii 4.5 Puumd iy 18

¥ " "
nnmisiouivedlnsaiviodszmmiiouiinnnisnaaesyaiidigausygadoya Reuters-

~ o o s ] A =1 A
ToplO mm’aumﬁmfg 5,085 11 FINUTWAZIDOA THMANUIN .

M3190 4.30 wanawamsifiomioumsinunsos Tuea veayadeya Reuters-Top10

TumanfFouiiey Taoldiialss@niamsasnnugndes (%)
swoudoyodild | Gpa | NB | kN | ME | LDA | svMm | TSARTMAP
Tumsnaaes Average | Best | Worst

2,775 81.98 | 8333 | 7407 | 81.65 | 7146 | 81.13 | 8136 | 84.24 | 80.00

nsivluanserdasinrunndas (Accuracy Rate) navhaau9q vosuadonn
Reuters-Top10

St [ocoa
800 on2
T ] [Oxnn
1| jome
oLDa
OSvA
| | [OTSARTMAP Averape
OTSARTMAP Sest
O TSARTMAP Vorst

‘Yeorst

TueaeEIe

Wi 45 nsmlnaasmdasinugnAeIves Tuinasiien voayadoya Reuters Topl0
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navinmsnfSouiiion Taslddrinlszansnimeasinnugndes inaasaiuyadoya

' Vv o ' ' = g a a o o
Reuters-Top10 494 Tuiaad 199 uaaalviimuin Tnsshodszamifouuuinguna Ildeisn
wiin aunsadumnlsznnenas lagndealuszduilndinoatu Tunadus Tavguaiildn

ABAIININYNABANAY

4.6 ¥AURYA K-dataset Hl¥lumnaasanazmamsnaaes

4.6.1 ya¥oya K-dataset MFlumsnaana

yatoya K-dataset [15] iluyndoyasiaildlumsnanogaii 3 Fuiugadoyaiilsy
Tunmsmaaeumsuumlszanienaisuazmsianguionas Aoy 2 gaiina 1w 3 20
NguIBNI3 3119 2,340 tonds Tamdvegluzdunundudoya HIML FaiiswaziBoalu
MAKLIN 1. MINARDITIEDNTS 2 AR AenmiaaniAveiToaaz g mAfd iy

Tumsnanosldnmisfoymenas K-dataset moldlumsidou? 70% wazl4luns
naaow 30% TagldndnnisTumsuisdeyadimsumsdousTaonisdqu awaunisi (4.8)

4 = ' ' ] o o
95108210 UAYAVOYaLAaZNUIEN ISR TNAIT1IN 431 Al

M1 4.31 taARNLTOYA K-dataset 1FTumsiSousuaznadouvadaznduends

ddud Fonqu Swoamenms | SwuiildGoud | Swuildmaey
1 B-Business 142 100 42
2 E-Entertainment 9 7 2
3 Ea-Art 24 17 7 7
4 Ec-Cable 44 &1 13
5 Ecu-Culture 74 52 22
6 Ef-Film 278 195 83
7 Ei-Industry 70 50 20
8 Em-Media 21 15 6
9 Emm-Multimedia 14 10 4
10 Emu-Music 125 88 37
11 Eo-Online 65 46 19
12 | Ep-People 248 174 74
13 Er-Review 158 111 47
14 Es-Stage 18 13 5




62

M319N 4.31 (7)

v
o A

GREITN) Fonqu Swenans | SwanildiSend | Swwilimaaoy

15 Et-Television 187 131 56
16 Ev-Variety 54 38 16
17 H-Health 494 347 147
18 P-Politics 114 80 34
19 | S-Sports 141 99 42
20 T-Technology 60 43 17

33U 2,340 1,647 693

4.6.2 HANMINAADIVBIYATDYA K-dataset
MINARBIVDIYATOYA K-dataset 3 20 nguenans s1uudeyaildlumsnagey
5 a i ' 5 a ot
693 1BNA13 HWTWAIBUAYOIAIYNAUAMATING 431 Wi Timesi 19 lunsnAasay
o o P ¥ .:ida‘ ¥ s d' &
PuInuaemiymildnnnsnassagaiaigavesusazeyn uaaadans1an 432 39Tnua

3 a9 w o [3

o 1 Aﬂy =1 " o~ A d 4 wa
DINWMHATUISINUA Weight N)sznouaon fnyvenuaNATeI 0 Az quaNiam

o

@ Mvua 13 linu 40 dde Tnua

o

A39T1 4.32 A msIine a1 AlFlunisnansaazinnu s niyn veaya

Yoya K-dataset NyA

ey Vigilance Learning Small Initial Output
b ﬂ%ﬁ)gﬁ Rate Value Degree Node
1 0.32 0.01 0.02 0.4 934
2 0.30 0.01 0.02 0.4 808
3 0.30 0.01 0.02 0.4 852
4 0.29 0.01 0.02 0.4 815

HADINNIINAADY YOIFATDYA K-dataset UADL YA HAAITIUIIBNATUAA Category
S'Jqumé'ﬂﬂmmgn#’faq 1 F-Measure 112z Entropy #3151971 4.33 Fananalumhgaly
I0AZBDIATINMINAADUNIIINUYE THiAa VoayAToYA K-dataset ¥AT 1 Haxafi 4
Tavldmisiiiimesudazganiuaisiaii 4.32 ﬁ’;wamnmswwaaumaa%’agauﬁazms& RN

310ALIDUANIAITIN 4,34 DINT19N 4.37 NS IS



MT 433 uanwadns i IdvinmsnagoumsihiauveaTuina voeyadoya K-dataset nngn

a1y VIUIUBNATT 1U Category A199 oA F-
ywdoyn [ 1| 2|3 4|5 |67 |8 o0l nlizlus]1atistis] 17 [1s]19] 20 AUYN | Measure | Entropy
Avd
1 34 (4 (13| 9 |23|66(27| 4| 513321 [68[56( 8 |59]116|152 40|41 14| 83.12% 0.8297 0.8656
2 433 | 10|11 |24]69]27[ 3| 6 (36|22 |71 ]49| 8 |54]16| 1a3|4a0]a1 17| 81.53% 0.8169 0.9718
3 45| 1| 9| 16|21 |60 (20| 3| 6 34|21 |84 |44]| 8 |59|16/| 145 [40{ 45| 16| 84.27% 0.8417 0.8197
4 48 (1 |12 |10 |20 75|21 | 6 | 2 ({39(19]79|43| 6 |60 16| 143 | 35| 42| 16 87.45% 0.8741 0.6921

AURAUEATINIINGNADY = 84.09%

ANURAY F-Measure = 0.8406

Alnay Entropy = 0.8373

£9
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M1 4.34 UAAITIWAIBIAINNINATDUNMTMITUYDI Tina YBIYATDYA K-dataset

g
LA 1
ngu Snuenmsi Idannsmaasaluudas Category

1na3

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 1M
(Class)
I.B |z o oo |1 folo|loolr]|z2]o]lolt]o|l o ]|s]|]o]|3s]| a
2.E 0 0 0 0 0 0 0 0 0 | 0 0 0 0 ] 0 0 0 0 1 2
3 Ea oo |4 o|oJofr]o|]o]olo|tr]a]ofo|lo| ool 1 |o 7
4. Ec ofofo s | o |3]tfo|lofoflolo|lo]o|3]o| o]|a|]ol]o 13
5Eu | 0] 0o o] ojofo|r]oflo]lo| vt |lo] v o|lo]| o] 2
6. Ef o | o | a |1 Lose|slofr ] 2lolsf 3| v fz2]lof 1 |of1]|o0o]f s
7 Ei ofofo o |1 folwlo|lo|lo|lo|lo|]o]Jo|lo]|lo| o o] o]2 20
3 Em oo ol e fololslolololr}ololafo]| o lololo 6
9Emm | 0 | 0 | o o] o oo o] 4 |o|olo}o |ofJolo]| o |[o]o]fo 4
W0Ema | © | 0| 3 |1 e totbo o |w|olol2zloloe|lol ool o | o0o]| m
11.Eo tfoloefo o lololo | o folmfolaoalololo| ofol|ol]n 19
12.Ep o | 2| 2] o3 vifod ol o 1o s p bl 0 Je] 1| o 74
13.Er oo fo oo flofjofo|lo|lolojolasa|oflolo| of[o]o]o 47
14.Es ojfo ool ofofafololololo]lo|[sfolo]|]wo|o|ofo 5
15.Et ol of oo oo faloey o fivdolod 2 otes]lo| oo 1] ] o 56
16.Ev ofo o foefolo]ofofofolofal|o|of[o|w]|] oflo]ol|o 16
17H ofo oo fofojo|loloel|lolofo|o|o|lolo|w|ol|lol|ol 1a
18P ol ofolofololololollololo] ool olo 1 |33 oo 34
195 oo o o] ololalofo | rvlalo]| v|loli]ol 1 [olsx]ol| a
20T 6|l oo jofo|oeflolo|lolol2alolol|ofi]|ol olf1]o]3 17
59 34 | 4 | 13| 9 [23 | e |27 a4 | 5 |33|21|68| 56| 8 |sof1e| 152 | 40| 41 | 14| 603

AOATINNUYNABI = 83.12%
A1 F-Measure = 0.8297
il Entropy = 0.8656
M3 4.35 1AAITIWAIBIAINMSNATBUMIINUYD Tuiaa VBayATYa K-dataset
%A 2
ey Fnnuenmsiil&nmsnaasalundas Category

onai
(C]ass) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 3
I.B 9 20| o v foflolofo ol 2]0fo]o]o 1 3l oo | 3 02
2 E tloflofo]ofo]Jolo]|o]|1t]olo|o|o|o|lo| ol]o|o]o 2
3. Ea o | o 2 0 o [ o 1] o I ool 2 0 o [of o 0 0o | 1 0 7
4. Eec o | o | 1 6 o] 3]l2]10fo0olofololo]oli]lol ool olo 13




65

A319N 4.35 (AD)

ngu Swomenasi Idennsnanealuudas Category

1BNa3

casy | LR S e T e fas] e 7 [ f a9 | 20| s
S55Eu | 0| 0o o[ [ 1 ]olo]|ofo|lo|t|]ofr]|olol| olf1|[o]oe n

6. Ef ol o | 1|3 tlst{s|ol v fojol| 72| ]|3lof| o |2]0o]o 83

7 Ei 1o | o | b Jofuisfoflofoflolofo|ofo|lof| o o] 1 20
8. Em ojofojfo|lo]ofz2zf3]ofoflo]lo|o|o]o|lol| o /|1]|o]o 6

9Emm | 0 | o | o | o | o fo]|o|]o| s |o|o|]o|o|o|o|lo]| oo olfo 4

0Emu| 2 [ 0| v o[ 1t [2]0] o] o |28]0]:1 1 ool o 1o oo 37
11.Eo ol oo o] o |ofoflofo]o|lmwmlo|o]|o|o|lo| o o] o]l 19
12.Ep 20| a o] 24afolo|o|2|o|lss]|] o)oflo]o 1o 1] o 74
13.Er oo 1 oo tofololofo|lofr|a|folalol| o |ofo]|o] 4

14.Es oo fo oo |ofolo]ofolololflo|s]ololo |ofo]o s

15.Et oo fo o oo falolo|3]olo 0o l4w]|o Llo | | o | se
16.Ev ool oo fo|oloflo]|otolojol ofololw]| oflo]olo 16
17H 20 [ oo Lo vfoe|lol ot |l ol tjofo 2| o | 2] 47
18.P 1 0 0 I olojolof o/|floe]lofo|l o | oflo]o L |3 | o | o 34
19.8 o | oo T70 Y0 pesiesiet Yoo b PROES (ol )/ mosEud ] 1 i T A )
20.T s o fodfo o fofofo|fofofzlolololaolo| ofof|lo]|w]| 1
39 B3 |0 [ | 246 |2rf 3| 6 | 362|749 | 8 [54] 16| 13|a| 9| 17| 603

ABATIANNQNABS = 81 53%
A1 F-Measure = 0.8169
Q8| Entropy = 0.9718
M1319714.36 LTAITWAZIDUAIINMINATOUAITHINUYDS Tuina ¥0ATYA K-dataset
%AN 3
nqu inenmsi ldninnisneanslundas Category

lONaI

sy | Pl ALl e[ fas|ae| 7 [as| e | 20| 2o
I.B (1 | o | o |1 tjojloofolr]|z2z]o]oflolol| o /| 7]o0]1 )
5 E tjofoflofo]|ofolo|]of1]o]lo|]o|o|lo|lo]|] o |o|o]o 2

3.Ea 0 0 3 0 0 0 1| o 0 o | o] 0 o |o | o 1 0 1 [ 7

4. Ec 0 0 | 7 0 3 1| o 0 oflo] o 0 0 ] 0 0 o | o 0 13
SEu |0 fo oo fmwm|fo|o|lo|o]|1r|o|lo|lo | t|1]lol|l o lofi1]o 2
6. Ef o | o | 1 2 bysfrfof 2t fofww|2|2]3]o I 2| 2100 83
7 Ei 1o o | L lofas|o]ofo|o|lo|o|]o|o|lo| o |ofo]:2 20
8. Em ojJofof o Jofol3s]ofoli]|ofloflo|1t]lo]|] o |ol|lo]o 6

9Emm [ 0| 0 | 0 f o [0 fo]oflo | 4 flolo|lo]|lolololol olololo 4
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MI19N 4.36 (A0)

ngu $menansit 18 nnismaasaluusas Category

[BIGRY]

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 kR
(Class)
0Emu [ P {0 | 2 fofo |3 fo]loflo|w|lo|lo| 1 [oe|lo|lo|l i [o]olol s
11.Eo tjofofolofofofof|o|[o|m|lo|lo|o|lo]lo]| o |ofo] 19
12.Ep tfofo 20 fofofo]|o|2|0|e|of|o|o|lo| o |ofo]|o]| 7
13.Er bjoj v fofolofolo|ofo|l2]al|o|i|lofo]o|lo]o]| a
14.Es ojofofo|ofojofofo|oflo|lo|o]|s|lolo] olo]olo 5
15.Et o | o | 1 tfofjof2]ofo]ofloflo] o]|o|s2|lo] o fo]o] o]l s
16.Ev ojofo oo fojofofofolofo| o|o|o|lw| o |of|olo 16
17H 2lofo| 1 ]ofofofo] o oflololololo|o|w|ololzl| i
18P 3o oo fofo|olaolaofo|ololo|olofol| o |an]olol 3
195 tjofofodo fofjofofofolololo]lo|olol|l o |olal|lol a
20T s | o | o o] o) do [l O S IR oo o RS | o o 0|
54 45 1 9 16 21 60 20 7 3 6 34 |2 84 44 8 59 16 145 40 45 16 693

BAIINNUYNAD = 84.27%

G F-Measure = 0.8417

M Entropy = 0.8197

A3199 4.37 LAA931002108AINMINATOUATT IR TuiAa 103gATDYA K-dataset

AN 4
ngu Snouenmsh Idsnnsnaanslundas Category

wnos

1 2 3 4 5 6 7 8 9 10 il 12 13 4 15 16 17 18 19 20 kR
(Class)
1.8 M| 0o | o e 1jofloflofolo]|ol| ofaololo 0 | 3] o} 3 4
2 E oo fof oo [ofalfo]li1]lo]lolo]|ofolol o lolol]o 2
3. Ea ofo e jofojotarlo]oloflolololo]|olol| o [o]ol]lo 7
4.Ee ) I 8 0 L] o | oofe] o o | 1] o 0 o] o | o 13
5B | 0| o f oo | w|3|olo|lo|ofo|lol|l o] ololo o o] o | o 2
6. Ef oo 2 oo |ea|3|1t]o]|o]|ola I 1|6 ] o0 I o 1 | o 83
7 Ei oo o | o tfisfofofolo|lo|o|o|tv|of o |lofl i1 |o] 2
o 0 0 0 | 0 o |o| 3 o oo 0 o |o| o 0 1 0 0 6
9Emm [ 0 | 0 | o | o [ o [t oo | 2 |1]o]o] o |of|o|lol|l o lolo]o 4
10Emu | 0 | © I ol oo |o| 1] o |a|o]| o loflo]o]| o of|olfo 37
11.Eo oo o fofofojofofo]|o|mm|o|o|o|o|lof| o/ |[ofol]: 19
12.Ep oo fofofofo|lt|fo]|]2]o|l]|o|ololol o l|olflolo 74
13.Er I | ol o2 oo fo|rfo|1|a|o]o|lo| o o] o]o 47
14.Es oo fofojofofofof[oa|ololo|wo/|s]|ofol ofo]olo 5




M319N 4.37 (d0)
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ngu
1nas

(Class)

. 3 :
Mmuenmsi lavinmsnaasaluudaz Category
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<LI>Scott, M.L.; "Non-Blocking Timeout in Scalable Queue-Based Spin Locks",
TR773, Computer Science Dept., U. Rochester, February 2002. <BR><A
href="ftp://ftp.cs.rochester.edu/pub/papers/systems/02.tr773.Non-
blocking_timeout_in_scalable queue-based spin_locks.pdf.gz">02.tr773.Non-

blocking_timeout_in_scalable_queue-based_spin_locks.pdf.gz</A>

<P>Keywords: non-blocking synchronization; timeout; user-level spin locks;

preemption; scalability.

<BLOCKQUOTE>Queue-based spin locks allow programs with busy-wait
synchronization to scale to very large multiprocessors, without fear of
starvation or performance-destroying contention. Timeout-capable spin locks
allow a thread to abandon its attempt to acquire a lock; they are used
widely in real-time systems to avoid overshooting a deadline, and in
database systems to recover from transaction deadlock and to tolerate
preemption of the thread that holds a lock. In previous work we showed how
to incorporate timeout in scalable queue-based locks. Technological trends
suggest that this combination will be of increasing commercial importance.
Our previous solutions, however, require a thread that is timing out to
handshake with its neighbors in the queue, a requirement that may lead to
indefinite delay in a preemptively multiprogrammed system. In the current

paper we present new queue-based locks in which the timeout code is
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non-blocking. These locks sacrifice the constant worst-case space per thread
of our previous algorithms, but allow us to bound the time that a thread may
be delayed by preemption of its peers. We present empirical results
indicating that space needs are modest in practice, and that performance
scales well to large machines. We also argue that constant per-thread space
cannot be guaranteed together with non-blocking timeout in a queue-based

lock. </BLOCKQUOTE>
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AUV Title 1 UAT]

Non-Blocking Timeout in Scalable Queue-Based Spin Locks

¥
AUUDI Keyword (117371

Queue-based spin locks allow programs with busy-wait
synchronization to scale to very large multiprocessors, without fear of
starvation or performance-destroying contention. Timeout-capable spin locks
allow a thread to abandon its attempt to acquire a lock; they are used
widely in real-time systems to avoid overshooting a deadline, and in
database systems to recover from transaction deadlock and to tolerate
preemption of the thread that holds a lock. In previous work we showed how
to incorporate timeout in scalable queue-based locks. Technological trends
suggest that this combination will be of increasing commercial importance.

Our previous solutions, however, require a thread that is timing out to




handshake with its neighbors in the queue, a requirement that may lead to
indefinite delay in a preemptively multiprogrammed system. In the current
paper we present new queue-based locks in which the timeout code is
non-blocking. These locks sacrifice the constant worst-case space per thread
of our previous algorithms, but allow us to bound the time that a thread may
be delayed by preemption of its peers. We present empirical results
indicating that space needs are modest in practice, and that performance
scales well to large machines. We also argue that constant per-thread space

cannot be guaranteed together with non-blocking timeout in a queue-based

lock.
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non-blocking, timeout, scalable, queue-based, spin, locks
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locks, timeout, queue-based, preemption, non-blocking,
performance-destroying, multiprocessors, scale, spin, constant,
per-thread, space, argue, machines, practice, needs, indicating, peers,

algorithms, code, indefinite, delay, queue
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lock, timeout, queue-base, preemption, non-block, perform-destroi
multiprocessor, scale, spin, constant, per-thread, space, argu
machin, practice, need, indic, peer, algorithm, code, indefinit
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<7xml version="1.0"7>
<MESSAGE=>
DANISH CROPS TWO WEEKS BEHIND, OFFICIAL REPORT
COPENHAGEN, June 29 - Danish crops are up to two weeks
behind normal growth levels due to the cold weather in May and
June, when mean temperatures were up to four centigrade below
average, the State Plant Cultivation Bureau said in a report.
At the season's first crop test on June 26, the bureau
rated crops at an overall 94, the same as on June 20 last year.
The figure of 100 represents normal in a year of average growth
conditions with no crop damage.
The test gave ratings expressed as a factor of 100, as
follows - winter wheat 96 (last year 91), winter rye 97 (98),
winter barley 92 (90), spring barley 94 (98), oats 96 (98),
fodder and sugar beets 87 (96), winter rapeseed 98 (94), spring
rapeseed 94 (98).
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Final harvest figures for 1986 were not yet available.
Reuter

</MESSAGE>

n.2.2 THaienas Reuters-Top10 fifinouamizdoya Title uaz Keyword
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DANISH CROPS TWO WEEKS BEHIND, OFFICIAL REPORT
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Danish crops are up to two weeks

behind normal growth levels due to the cold weather in May and
June, when mean temperatures were up to four centigrade below
average, the State Plant Cultivation Bureau said in a report.

At the season's first crop test on June 26, the bureau
rated crops at an overall 94, the same as on June 20 last year.
The figure of 100 represents normal in a year of average growth
conditions with no crop damage.

The test gave ratings expressed as a factor of 100, as
follows - winter wheat 96 (last year 91), winter rye 97 (98),
winter barley 92 (90), spring barley 94 (98), oats 96 (98),
fodder and sugar beets 87 (96), winter rapeseed 98 (94), spring
rapeseed 94 (98).

Final harvest figures for 1986 were not yet available.
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http://www.yahoo.com/text/headlines/970908/entertainment/stories/art_holocaust _1.html
<html>
<head>
<title>Yahoo! - Jewish Group To Form Unit On Looted Art</title>
</head>

<body>

<!-- TextStart -->
<p>
NEW YORK (Reuter) - The Jewish group that negotiated with
Switzerland for the return of unclaimed Holocaust-era accounts
now plans to investigate what happened to the billions of
dollars worth of art looted by the Nazis.
<p>
The World Jewish Restitution Organization (WJRO) plans at
an executive meeting Tuesday to set up a special commission
headed by Museum of Modern Art chairman Ronald Lauder, a former
U.S. ambassador to Austria, to look into the question of looted
art and what should be done, a group spokesman said.
<p>
The WJRO, a coalition of several Jewish groups plus Israel,
is headed by World Jewish Congress President Edgar Bronfman, who
led it in negotiations with Switzerland on the question of

unclaimed Holocaust-era accounts in Swiss banks.




&3

<p>
A WJRO spokesman said that a search of Second World War
archives showed that some 55,000 works of art stolen by the
Nazis in France alone were not returned to their rightful owners
after the war.
<p>
Most of the works stolen in France, including Impressionist

and Old Master paintings, belonged to Jewish owners, the group

spokesman said.
<p>

He added that of the 55,000 works, 2,058 hang in French
museums and 14,000 were publicly auctioned off by the French
government after the war.
<p>

The WIRO is also expected to make a decision at its Tuesday
meeting on the first allocation of money from a special fund set
up by Swiss banks and businesses to aid Holocaust survivors.
<p>

The group was expected to approve the allocation of $12
million in October from the $200 million fund to help East
European Holocaust survivors,
<p>

The fund was set up by Swiss banks and businesses in
response to the controversy, which followed revelations that
Switzerland did extensive business with the Nazis, including

selling and laundering of looted gold.

<p>
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cain
cairn
caiss
cake

cal
calcul
calendar
calf
calif
califora
california
call
calm
calmark
calmat
calstar
cam
cama
camp
campaign
campbel
campeau
can
canada
canada-dome

canadian

canadian/bbl
canbra
cancel
candid
cannon
canola
capac
capacitor
cape
capit
capitain
capitol
captain
captur
car
caraca
carbid
card

cardi
cardiovascula
care
carefulli
caremark
cargil
cargo
caribbean
carl

carlo
carlson
carmark
carnei
carolco
carolina
carri
carrier
carrol
carryforward

carson

cartel
carter
casablanca
case
cash
caspar
cassava
castl
castor
casualti
catalog
categori
caterpillar
cattl
caus
caution
cayuga
cb

cbe

cbo

ccc

ccf

ccr

cCX

cd

cde

cdi

cdu

cea
ceas
ceil
celanes
celebr
celeron
cellular
cement
cent

cental

centel
center
centerbank
centerr
centimetr
centrabank
central
centr-west
centuri
cepe
ceram
cereal
certain
certif

cetu
cfbk.o
cfef

cff

chain
chairman
chaitanya
challeng
champion
champlin
chan
chanc
chancellor
chanceri
chang
channel
chanthong
chaotic
charact
charg
chargeoff
charger
charg-off

chariot

charl

chart
charter
charter-crell
chase
chattanooga
cheat

check
cheif
chemetron
chemic
chemlawn
cherrin
chesebrough
chevron
cheyenn
chicago
chicken
chief

child
chimerin
chimi

china

chip
chittagong
chose
christian
christi-tyler
christoph
chrobok
chronar
chronowitz
chrysler
church

ci
ciba-geigi
cie

cif
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cigar
cincinnati
circl
circuit
circul
cite

citi
citibank
citicorp
citizen
citru
cityf
civil
civilian
claim
clara
clarifi
clark
clash
class
classic
classifi
clayton

clayton-
marcu

clean
clear
clercq
cleveland
cleveland-cli
clevit
client
cliff
climat
climb
clinton
close

closur



cloth
cloud
clout
clutch
cml

cnb

co

coal
coars
coast
coat
coca
cochran
coconut
cod

code
code-a-phone
coebergh
coeur
cofac
coffe
cola

cold
coleman
colland
collaps
collasp
collect
cologn
colombia
colombian
colombo
coloni
color
colorado
colson
colt

columbia

columbian
colvil
comalco
comanayv
comapni
combat
combin
come
comerica
command
comment
commer
commerc
comimerci
commiss
commission
commit
committe
commod
common

commonweal
th

commun
communiqu
compani
compaq
compar
compat
compens
compensatori
compet
competit
competitor
complain
complaint

complementa

n

complet

complex
complianc
compon
composit
compound
compris
COMpromis
comptek
comp-u-card
comput
computerland
computrac
comput-relat
comsat

comsat-

contel

comsery
comshar
comstock
comtrex
concentr
concern
concert
concess
concord
condens
condit
condition
condominium
confer
confid
confidenti
confirm
conflict
confront
congress
congression

congressman

coniston
conjunct
conn
connect
connecticut
conneticut
connor
conoco
conrac
consensu
consent
conserv
consid
consider
consist
consol
consolid
consortium
constanza
constel
constitu
constitut
constraint
construct
consult
consum
consumm
consumpt
cont
contac
contain
contel
contempl
contend
contest
continent
continental

conting

continu
contl
contract
contractor
contran
contribut
control
conveni
converg
convers
convert
convey
conveyor
convinc
convol
cook
cooper
co-oper
coopervis
coordin
cope
copi
copor
copper
copperbelt
corbi

core

cori

corn
cornerston
corona
corp
corpor
correct
correct-1st
COSMOo
cost

costco
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cost-control
cost-cut
cost-reduct
cotton
cotton-y
council
counsel
counselor
count
countermeasur
counti
countri
coup
courier
cours
court
court-approv
courtauld
cover
coverag
cow
cpe
cr
cra
craft
crandal
crane
crash
crazi
creation
credibl
credit
creditor
creek
crew
crise
crisi

critic



criticis
crop
crow
crowlei
crown
crucial
crucibl
crude
crush
crystal
csl

csr

ct
ct/bbl
ct/shr
ctn
ctsd
cubic
cueva
cullinet
cumul
curb
cure
curent
currei
currenc
current
current-accou
curtail
curtic
cush
custom
cut
cutoff
cutter
cw.to
cwt

CXr

cyanamid
cycar
cycl

d

dai

daili
dairi
dakota
dalen
dalla
damag
damascu
damm
danforth
danger
danida
daniel
danish
danworth
dar
darbi
dart

data
datacard
dataflex
date
datron
david
dayton

dayton-

hudson

db

de

dead
deadlin
deadlock
deal

dealer

dean
deapart
dearden
debentur
debt
debt-burden
debthold
dec
dechamp
decid
decis
decis/capit
declar
declin
decreas
deduct
deem
deep
defenc
defend
defens
defer
defici
deficit
definit
dei
dekalb
del

delai
delawar
delawar-chart
delchamp
deleg
deliber
delic
deliv
deliveri

delm

deloitt
delor
delta
delux
demand
democraci
democrat
deni
denim
denounc
dens-pac
denver
depart
departur
depend
deploi
deposit
depot
depreci
depress
dept
deputi
deriv
desert
desig
design
desk
despit
desptp
destin
destock
destrehan
destroi
destroy
destruct
detail
detect

deter

deterior
determin
deterr
detroit
deutsch
devalu
develcon
develop
devic
dexter
dfm
dhabi

di
diagnost
dialogu
diamant
diamond
diana
diaz
diceon
differ
differenti
digest
digiorgio
diht
dilemma
dilig
dillard
dillon
dilut
diminish
dinar
dinkov
dinner
diplomaci
diplomat
direct

director
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dirham
dirti
disallow
disappoint
disast
disc
discharg
disclos
disclosur
disc-o-mat
discontinu
discontinuedo
discount
discov
discoveri
discrep
discuss
diseas
disillusion
disloc
dismantl
dismiss
disnei
disobedi
displai
dispos
disposit
disput
disrupt
dissens
distanc
distil
distilleri
distort
distribut
distributor
district

distrit



disturb
disut

div
divers
diversif
diversifi
divest
divestitur
divid
dividend
divis

dir
dlr/bbl
dlr/share
dlr/shr
dlr/tonn
dlre

dlrsl

dmc
docker
dockwork
dodg

doe
dollar
dom
dome
domest
domin
dominick
dominion
domm
domtar
donald
donaldson
donegan
door
doorstep

dosher

dot
dotronix
doubl
doubl-digit
doubt
dougla
dow
downward
drain
dramat
drastic
draw
dresser
drew
dreyfu
dnill

drink
drive

drop
drought
drug
drummond
dry

dsm
dtuch/shell
du

dual
dublin

due
duffour
duggan
duisburg
duli-form
dumez
duplic
durakon
durapip

durham

duri
durum
dutch
dutch/shell
duti
duti-free
dwt
dynam

e.f.

el2c

el5b
earli-develop
earn
earthquak
eas

easi

east

eastek
eastern
eastman
eastov
eaton

ec

ec-12

ecgd
eckenfeld
ecolab
econom
econometr
economi
economist
ecopetrol
ecu
ecu/tonn
ecuador
ecuadorean
ecusta

eddi

edelman

edmonton/sw

an
edouard
edson
eduard
edward
eec
eep
effect
effici
effort
egypt
egyptian
el
eia
eishiro
elabor
elder
elect
electr
electr/ga
electrohom
electrolysi

electrolyt

electromagne

electron

electro-optic

electrospac

element

elev

elimin
elizabethtown

elmira

elmo

eln

embargo

emcor
emerg
emhart
emi

emir
emma
employ
employe
emulex
enabl
encompass
encourag
end
endang
end-april
end-april/ear
end-decemb
end-mai
end-march
endors
endow
end-year
energa
energi
energi/u.s.
enforc
engag
engin
england
enhanc

eni

enjoin
enorm
enrol

enter
enterpris
entertain

entex
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enthusiasm
entiti

entitl
entourag
entr

entranc
entregrowth
entrench
entri
environ

environment

environmment

epa
equibank
equimark
equip
equiti
equiti-accoun
equiticorp
equival
era

erc

eric
erickson
ericsson
erupt
escal
escap
escort
esop
espinosa
esso

est

estat
estim

etl

eugen

eurobond



eurodollar
euromarket
europ
european

european/me
di

evacu
evalu
evas
eventu
evergreen
evid
exacerb
exagger
exce
exceed
excess
exchang
exchequ
exclud
exclus
ex-dividend
execut
exercis
exist
expand
expans
expd-e
exp-e
expect
expedi
expedit
expel
expenditur
expens
experi
expert

expir

explain
explan
explicit
explor
export
exposur
express
extend
extens
extern
extinguish
extract
extraordianri
extraordinari
exxon
fa.

fs.b.
fow.
faber
fabk.o
fabric
face
face-off
facet
facil
facilit
facilti
fact
faction
factor
factori
fail
failur
fair
fairchild
fairer
fairfield

fairview

fakkan
fall

famili

fan

fao

tar

fargo
farm
farmer
farmer-held
farmland
fasten
fastest-grow
fattah
favor
favour
faygo

fe

fear
feasibl
feb
februari
fed

feder
feder-mogul
fee
fee-base
feed
feedgrain
feet

felix

fend
ferguson
ferrara
ferri
ferruzzi
fertilis
thlb

fhibb
fiber-optic
fibr
fidata
fidel
fidelcor
fiduciari
field
fielder
fifth
fight
fighter
figur

fiji

fild

file
filipmo
final
finalis
financ
financi
finanziaria
find
findlei
finl
finland
fintech
fio

fip

fire

firm
firmer
first
first-quarter
fiscal
fish

fit

fitwat

fitzwat
fix
fixman
fixtur

fla

flag
flagler
flat

flax

fleet
flexibl
float
flood
floor
florida
flotat
flotilla
flour
flow
fluctuat
fluid
fluidiz
tluorocarbon
fly

fob
follow
followin
fondiaria
food
foodgrain
foodservic
footwear
forai
forb

forc

ford
forecast

foreign
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foreign-flag
foremost
foresaw
forest
forestal
form
forma
formal
format
former
formerli
formica
formid
formula
forrest
forstmann
forsyth
fort
forthcom
fortran
fortun
forward
foster
fouad
founder
foundri
four
fourth
fraction
framework
franc
francisco
francx
frank
frankfurt
franklin
fraud

fraudal



fred

free
freedom
freer
freez
freight
freight-on-bo
french
frenzi
fresh

fri
friction
frigat
fromartz
front-end
frontier
frost
frozen
fructos
fsb

fslic

ftc

ft-se

fuel
fujisaki
fujitsu
fulfil

full
full-court
fuller
full-fledg
fulli
full-scale
fumiko
fund
fundament
fungicid
funktion

furnitur
futur
fww
g-5

g-7

ga
gabelli
ga-burn
gaf
ga-fire
gain
galaxi
galileo
gallah
galveston
game
ga-n-all
gander
gang
ga-oil
gaon
gap
garag
garein
garfinckel
gam
garnac
gase
gasolin
gatewal
gather
gatt
gaug
gaughan
gauntlet
gee

ge

gear

gec
geelong
gelco
gem
gemina
gencorp
gener
general
genet
genoa
genoves
geodyn
geoffrei
geolog
georg
geraldez
gerhard
german
germanti
gestur
get
ghana
gholamreza
giant
gibraltar
gift
gillett
giordano
giorgio
giovanni
give
given
glass
glatfelt
glaxo
glen
glendal
glenf

glenn
glimps
glitch
global
globe
glori
glynw
gmbh

gna

gnp

g0

gobert
go-it-alon
gold
gold-bear
golden
goldendal
goldman
good
goodman
goodrich
goodwil
goodyear
gordon
goria
gotco

gov
govern
government
governor
govett
gowland
graan
grab
grade
grain
grain/oilse

granari

grand
grant
grapevin
graphic
gravel
graviti
great
greater
greec
greek
green
greenman
greenspan
greenvil
greenwich
greet

greg
grenfel
greyhound

greyhound-
tra

grime

grip

grisanti

gro

2ross

grossli
ground
groundnutse
group

grove

grow
growmark
growth
growth-orient
gsp

gte

guarante
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guaranti
guard
guardian
guid
guidanc
guilder
guin
gulf
gullfak
gustaaf
gwinnett
gyrat

h

h.f.

h.k.
hackensack
bhadson
hail
hainan
hal
halcyon
hale
half
half-stake
hall
halmi
halt
hamlei
hamper
hand
handl
handler
hanna
hanov
hanson
happi
haq

harcourt



hard
harder
hardi
hardwar
harm
harman
harmon
harnischfeg
hartford
hartmarx
harvei
harvest
haskin
hatfield
haut
havoc
hawaiian
hawkey
hawkin
hawlei
hbo

head
headquart
headwai
health
healthi
healthsouth
hear
heat
heatlh
heavi
heavier
hebei
hectar
heed

hei
heineken
heinold

heinz
helen
helicopt
helmut
help
hemispher
henan
henderson
henlei
henri
hepworth
herb
herbicidesand
heritag
hermiston
hernan
hernandez
heron
heublein
heusen
heyman
high
higher
highest
highland
high-level
highli
highlight
high-qualiti
high-technolo
hike

hill
hillsdown
hing

hint

hiram
hirschberg

hisanobu

histor

hit

hk

hmo

hoar
hoax
hoechst
hoffman
hog
hohenwald
hold
holder
holidai
holleb
holli
holling
home
homebuy
homemad
homestead
hondura
honeywel
hong
honor
hope
horizon
hormon
hormuz
horsham
hospit
hostil

hot

hotel
hous
housewar
houston
hover

hovi

hovnanian
how

howel

hr

hrw

hss
hudson
huge
hugh
humphrei
huntington
huron

hurt

husk
hutmann
hutton
hybrid
hydro
hydrocarbon
hydrodealkyl
hyper-inflat
hytek

1.u.

1ae

1an

ibc

iberica
ibm

ic

icahn

icc

icn

ide
identifi
ideolog

ifr

igl

igon

thlwan

il

illeg
illinoi
imag
imbal

imf
immedi
immediatlei
immin
impact
implic
implicit
import
Impos
imposit
Imposs
improperli
1mprov
impun
imput
inaccur
inadequ
inc

incent
inch
inchon/india
includ
inclus
incom
Incorpor
incorrect
increas
increment
incur

ind
indefinit

independ

101

index

india

indian
indiana
indic
indirect
individu
indonesia
indonesian
industri
industri-prod
inelectra
inflat
inflationari
inflow
mfluenc
influenti
inform
infrastructur
infring
infus

ing
ingersol-rand
inher
iniezion
initi

nitit

inject
injunct
injuri

ink
inmobiliaria
inoc

inou

inquiri
insecticid
insert

insid



insist
inspect
inspiron
instabl
instal
institut
instrument
insult
insur

int

intact
integr
intellicorp
intelstat
intend
intent
interbank
intercar
intercep
interest
interfirst
interim
interior
intermitt
intern
international
interst
inter-tel
interuterin
interven
intervent
interview
intiti

intl
inventori
invest
investig

investor

invis
invit
involv
1owa
1pco
iran
iranian
iran-iraq
iraq
iraqi
ima
iron
irig

irv
irwin
isl
island
1somer
israel
issu
issuer
1suzu

it

itali
italian
italiana
item
itoh

v

ixl

j-p-
Jow.
jackaman
jackson
jackup
jacob
jacor

Jjacquelin

jaim

Jake
jamail
jame
Jamesport
jan
janeiro
Jjannock
januari
Janunari/marc
japan
japan/india
Jjapanes
jardin
jenrett
jeopardi
Jeopardis
Jeremi
jerri

jersei

jet
jewelleni
jewelri
jiangsu
jig

Jim

job
jobless
Jjohannesburg
john
johnson
Jjohnston
johnstown
join

joint
jonathan
jone

jordan

jose
Joseph
journalist
jovanovich
juan
Judg
Jjudgment
judi
judson
juic
jukebox
juli

Jjump
june
jungl
junior
justic
justif
jute

jwt
kahan
kai

kain
kaiser
kalbag
kamal
karl
karlsruh
kato
kaufman
kaunda
kawakami
keep

keg

kei
keidanren
keith
kellei

kelli
kellogg
kelsei-hay
kennamet
kenner
kenneth
kent
kentucki
kernel
kerr
keswick
keycorp
keyston
khafji
khamenei
kharrazi
khor
kidder
kiena
kiichi

kill
killlington
kilowatt/hour
kim
kimbark
kind

king
kingdom
kinnear
kio

kirk
kleinwort
klm
kluwer
km

kmw
knudsen

koa-am
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koaq-fm
kodak
koehler
koether
kohl
kondo
kong
koninklijk
korea
korean
korea--usda
kotc

kraft
krohn
krutikhin
kuna
kunio
kuroda
kuwait
kuwaiti
kwacha
kwik

Lp.

la

lab

label
laborarori
laboratori
labour
lacklustr
lacled
ladd

ladi

lag

lago

lai
laidlaw

lake



lakehead
lambert
lamson
lanc

land
landa
landown
landshir
langlei
languag
lanka
lap-top
larosier
larri
larsson
laser
lasmo
lastest
last-minut
late
latest
latin
latta
lauderdal
launch
laurentii
lautoka
lavan
law
lawmak
lawrenc
lawrencevil
lawson
lawsuit
lawyer
laydai
layoff

lazo

Ib

Ibo

Idc
ldmf.o
lead
leader
leagu
learn
leas
leasehold
leather
leav
lebanes
leblanc
led

lee
leftist
legal
legg
legionario
legisl
lehman
leigh
leighti
leisur
lend
lender
lennar
leonard
leroux
lessen
letter
lettershop
leung
leutwil
leuzzi
level

leverag

levi

lewi

li

liabil
liber
liberalis
liber-minist
liberti
licenc
licens
lichter
lieberman
liemandt
life

lifo

lift

light
lighter
light-weight
like-date
likelihood
lilli

limit
lincoln
linda
lindberg
line

link

linse
lipstick
liquefi
liquid
liquifi

lire

lisa

list

litig

littl

live
livestock
livingston
lloyd

lo

load

loan
loan-loss
local

lock
loctit
logist
loma
lomak
lombard
london
longer
longitud
long-stand
long-term
lonrho
look

loos

loral

lord

lorri

lose

loss

lost

losx

loui
louisiana
louisiana-pac
louisvil
lousiana
louvr

low

lower

low-incom
Ip

Ipg

Isi
luctvaart
ludlum
lufkin
lukman
lump-sum
luncheon
lusinchi
luxembourg
luxuri

lvi

lynch

lyng

lynn

lyon

m.a.

m.d.c.

m-1
maanag
maatschappij
macandrew
macao
macgregor
machin
machineri
mackenzi
maclain
maclean
macluan
madeira
madison
madrid
mae
magellan

magic
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mahbubul
mai

mail
mailer
mainfram
mainichi
mainten
maiz
major
make
maker
maki
maladi
malais
malawi
malayan
malaysia
malpractic
man
manag
mandarin
mandat
mandatori
maneuv
manhattan
manila
mankowski
manner
manufactur
mar

marai
marathon
marcad
march
margin
marika
marin

marjori



mark
market
marketplac
marlei
marlin
marri
marseil
marsh
marshal
mart
martha
martim
martin
maru
maryland
mascot
mason
massiv
master
materi
materiel
matheson
matter
matur
maxicar
maxim
maximis
maximum
maxwel
mayaguez
mayban
mayfair
mca

mcc
mccarthi
mcchip
mccune

mcdougal

mcente
mcgin
mcginlei
mcgraw-hill
mcgroarti
mcguin
mckesson
mclain
mclennan
meadow
meanwhil
measur
meat
mechan
medchem
medco
media
medic
medicin

mediterranea

meditrust
medium
medtec
mee

meet
meetng
melbourn

melbourn-
base

mellon
melvil
member
membership
memori
mepc
mercer

merchandis

merchant
merg
merger
meriden
merieux
merit
merril
mesa

met

metal
met-coil
metex
method
metr
metro
metropolitan
mexican
mexico
meyer
mich
michael
michigan
micro
microchip
microdyn
micron
micronet
microsoft
microsystem
microwav
mid-contin
middai
middl
mideast
midg
midland
midlant

midnight

midpoint
mid-siez
midwest
migrat
miguel

mij

mikhail
milan-base
mildew
mile
militari
milk

mill
mill-basi
miller
mina

mine
miner
minesweep
mini
minim
minimum
minist
ministri
minneapoli
minneopoli
minnesota
minnetonka
minntech
minor
mir-hossein
mirror
miscellan
mislead
missil
mission
mississippi

missouri

mistak
misunderstand
mite
miti
mitsui
miyazawa
mlin
mln
minv
mmc
mo
mobil
moder
modern
modestli
modifi
mohler
moistur
molturacion
mondai
monei
monetari
monier
moniterm
monitor
monolith
monopol
monsanto
monsoon
montagn
montari
montauk
montedison
montgomeri
month
monthli
moon

moor

morgan
morger
mori

morita
morn
MOorocco
morrison
mortgag
mosar
moscow
motech
motor
mould
mount
mountain
mousavi
mouth
move
movi-theater
mozambiqu
mpb

mpt

msr

mtech

mth

mthly

mull
multibank
multifood
multin
multi-union
municip
munim
murfreesboro
murphi
murrai
musicland

mutchi



mutual
myer
myrtl
n.c.
n.sea
n.v.

ny.

n.z.
nabisco
nacion
nadi
naif
nakason
nalco
name
name-a
napa
napach
napco
napl
narrow
nasdaq
nashvil
nat
natali
nation
national
nationalist
nationwid
natl
natn
natsuo
natur
naval
navi
navig
nazmi

nbc

ncnb

ncr

nearbi
nearer
near-record
nebraska
necessari
necessarili
nederlanden
need

needl
negoti
negotiaiton

neiman-
marcu

nekoosa
nerci

nerco

net

netback
netherland
neti
nettleton
network
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ampl
amuck
amus
ana
anaheim
analog
analysi
analyst
analyz
anand
anatomi
anchor
ancient
anderl
anderson
andi
andr
andrea
andrew
anem
anesthesi
aneurysm

angel

angela
anger
angi
angina
angioplas
angl
anglo
angola
angotti
angri
anim
animalist
anita
anixt

ann

anna
annabella
annal
annan
annaud
anni
annihil
anniversa
announc
annual
anonym
anoth
answer
anthem
anthoni
antibiot
antibodi
anti-canc
anticip
antidepre
anti-disc
anti-ging

anti-gun

antihyper
anti-infl
antioxid
anti-pira
antiqu
anti-raci
antiretro
anti-semi
anti-smok
anti-trus
antitrust
anti-war
antoni
antonin
antonio
antwerp
anwar
anxieti
anymor
anytim
aol

aorta
aortic
apach
apart
aphrodisi
api

apiec
apo-4
apolog
apostl
appar
apparel
appeal
appear
appel
appet
appl

appleg
applic
appoint
appointe
appreci
appropri
approv
apron
apt

aqua
arabia
arabian
arab-ira
arafat-ne
arata
arbitron
arch
archer
archerd
archern
architect
archiv
ard
ardent
arduou
area
arena
aretz
argentin
argentina
argu

ari
arista
aristocra
aristotl
arizona
arkansa

arledg

arlington
arm
armageddo
armand
armando
armani
armbrust
armi
armistead
armistic
armori
armrest
arni
armold
aros
arquett
arrai
arraign
arrang
arrest
arry
arsenio
art

arteri
arteri-cl
arteriosc
arthous
arthriti
arthrotom
arthur
articl
artist
artistri
arvid

ash
ashbun
ashford

ashle
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ashlei
ashoub
ashraf
asia
asian
asia-paci
asid

ask
asleep
aspidastr
aspir
assassin
assault
assembl
assenmach
assess
asset
assign
assist
assn
associ
assort
ast
asthma
astin
astrolog
astronaut
asylum
athen
atheroscl
athlet
atkin
atlant
atlanta
atmospher
atop

atp

atrium



att
attach
attack
attain
attempt
attend
attende
attent
attest
attila
attitud
attornel
attract
aua
auction
audienc
audio
audionet
audit
audrei
aufschnai
aug
auggust
august
augustin
augusto
auletta
aunt
auspic
aussi
austin
australia
austria
austrian
author
authorita
autist

auto

autobiogr
automak
automobil
av

ava

avail
avalanch
avalon-go
avant-gar
avarici
averag
avert
avian
avian-hum
aviat

avid
avium
avoid
avon

aw

awai
await
awak
awar
award
award-win
awash
awfulli
awhil
awkward
awri

axl

ayn
aznavour
azoff

babi
babi-boom

babyfac

babysitt
bac
bachelor
back
backboard
backdrop
backend
backer
backlash
backlog
backpack
backstag
backward
backyard
bacon
bacqu
bacteri
bacteria
bad

badli
bafta-la
bag
baggag
bagman-ma
bai

bail
bailei
baio
bairstow
baker
balanc
baldwin
balfour
balkan
ball
ballad
ballard

ballerman

ballet
balli
balloon-t
ballot
ballroom
ballyhoo
baltimor
balzac
ban

banal
banc
bancorp
band
bandag
bandera-a
bandwagon
bang
bangemann
banglades
bank
banker
bankgesel
bankruptc
banner
banquet
bantam
baotian
bar
barasch
barbado
barbara
barbersho
barbi
barbra
barcelona
bardem
bardot

bare

barefoot
barenboim
barf
bargain
barksdal
barlow
barn
barnett
baroqu
barr
barrag
barrel
barrett
barri
barrier
barron
barroom
bart
barton
base
basebal
base-load
baseman
bash
basi
basic
basin
basketbal
basqu
bass
bassett
bat
batch
bate
bateman
bath
batman
batter
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batteri
battl
battlegro
bausch
bavarian
baylor
bayou
baywatch
bbc

bdzv
beach
beacon
beam
bean
bear
beaslei
beasti
beat
beatl
beatric
beauti
beck
becker
beckinsal
becom
bed
bedelia
bedsheet
bedsid
bee
beeban
beer
beer-love
beforehan
begh
begun
behav

behavior
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behemoth bergman bigger-th biweekli bloodi bold
behind berklei biggest bi-weekli bloodiest bolivia
beij berkoff biggest-s biz blood-lik bolivian
bein berlin bigotri bizarr bloomer bollenbac
beisbol bernhard big-scree bjoux bloomingd bolling
bela bernhardt bike black blow bolshevik
belaru berni bill black-and blue bolster
belgian bernstein billboard blackhawk blue; bolt
belgium berrien billi blackston blue-chip bomb
belief bert billion blackstre bluesman bombshel
believ bertelsma billionai blackwel bluff bon

bell berth bin blain blunt bond
bellami bess bind blair bluntli bone
belli-but best bing blake blvd bonfiglio
belliger best-paid binki blame bmg bonham
bello bestsel bio-chemi blanco board bonn
bellow best-sell bioethici blasphem boardwalk bonni
belong bet biograph blasphemi boast bono
belov beta biographi blast boat bonu
below betaresea biolog blatant boateng bonus
belt bethesda biologi blaxploit bob boogi
beltwai betrai biondi blaze bobbi book
belushi better biopic blazer bobcat booker
bemoan beverag biopsi bledso bochco bookmark
ben beverli bipartisa bleed bodi booksel
benazzi bevi bird blei bodili bookshop
bendetson bevin birdbath bless bodi-pier bookstor
benefit bewar birdi blethyn bodmer book-styl
benetton bibliophi birmingha blige bodnar boom
bengali bicycl birt blight bodyguard boomer
benitez bid birth blind boe boost
benjamin bidder birth-cou blitz boer boot
bennett bifida birthdai bln boffo booth
bent big bishop block bogdanovi bootleg
berardi bigami bit blockag bogota bop/warne
bereng big-budge bite blocker boi border
beretta bigelow bitter blond boil bordick

berg bigger bitterswe blood boi-toi bordin



bore

bor

born
born-agai
borowieck
borrow
bosnia
boss
boston
bother
bottl
bottl-gre
bottom
bottum
bought
boulevard
bounc
boundari
bout

bow
bowel
bowi
bowl

box
boyaca
boycott
boyfriend
boyz

bp

brace
brad
bradi
bradlei
bradshaw
brai
braill
brain

bran

brand
brandi
brando
brandon
bransford
branson
brass
brave
bravo
brawl
brazil
brca
brcal
breach
bread
break
breakdanc
breakfast
break-in
breakthro
breakup
breast
breastfe
breastfee
breastmil
breath
breathtak
breiter
brendan
brendon
brennan
brenneman
brent
brentwood
brett
brew
bre-x

brian

bride
bridget
brief
briefli
bright
brightest
brightman
brilliant
brim
bring
brinklei
brio
brisban
bristl
bristow
britain
britannia
britian
british
british-b
briton

bro

broad
broadcast
broaden
broadwai
brochur
brockman
broderick
broke
brokedown
broken
broker
brokerag
bromontan
bronchiti
bronchosc

bronco

bronfman
bronson
bronx
bronx-bor
bronz
brook
brooklyn
brother
brother-i
brown
browner
brows
browser
bruce
bruguera
brunner
brush
brutal
bryant
bskyb

bu

bubbl
bucchino
buck
buckingha
bud
budapest
buddhist
buddi
budget
buena
buff
buffalo
bug

bui

buick
build
buildup

built
built-in
bulgaria
bulimia
bulk

bull
bullock
bunch
bundi
bundl
bunni
bureau
bureaucra
burgeon
burger
burgess
burgundi
burial
burk
burn
burner
burnett
burnham
burnham-d
burrow
burst
burstyn
burt
burton
buse
bush
busi
busin
butt
butterfie
butt-head
buyback
buyer
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buyout
buzz
bypass
by-pass
byrd
byrn
byron
bystand
cl6

c45

ca

ca2

caa
cabann
cabbi
cabin
cabl
cableac
cablecomm
cablemedi
cabler
cabl-rate
cabl-tv
cac
cadiff
cafe
caffein-f
cage
cain
cairo
calcium
calcutta
calendar
calgan
calhoun
calib
calif

californi



calista
call

calla
callaghan
callahan
call-in
calm
calor
calori
calvin
camaro
came
camera
cameraman
camerawor
cameron
camilla
camillett
cammarata
camp
campaign
campbel
campion
camri

can
canada
canada/ra
canadian
canadian-
canal
canalsate
cancel
cancer
cancer-pr
candac
candi
candid

candl

candlelig
cane
cann
canopi
cantalupo
canton
cantona
canuck
canva
canvas
cap
capabl
capac
capaldi
capatch
cape
capeman
capit
capitol
capshaw
captain
captiv
captur
car
carbon
carcinoge
card
cardiac
cardin
cardiolog
care
career
caregiv
carei
caribbean
carl

carla

carlo

carlole
carlstad
carl-uw
carmedged
carmel
carmello
carmen
carniv
carol
carolco
carolin
carolina
carolyn
caron
carpal
carradin
carri
carrier
carrol
carrot-to
carsalad
carson
cart
carter
carticel
cartilag
cartland
cartman
cartoon
cartridg
cartwrigh
carver
carvil
case
casei
cash
cashless

casilla

casino
casket
casper
cassandra
cassavet
cassett
cassidi
cast

castl
castleber
casualti
cat
catalog
catalogu
catalunya
cataract
catcher
catherin
cathet
cathi
cathol
cathryn
catti
catwalk
caughei
caus
caution
cavem
caviti-in
cazalb
cb

cd

cde
cdc25
cdma
cd-produc
cd-rom

cedar

ceil

cel

celeb
celebr
celebr-st
celesti
celgen
celia
celin
cell
cellar
cellular
cemeteri
censor
censorshi
censu
cent
cent-a-sh
center
centerpie
centimet
centocor
central
centralia
centurl
ceo
ceram
cereal
ceremoni
ceridwen
certif
certifi
cervic
cesarean
cesk
cessat
cessna
cf
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cfe
cha-cha
chaimowit
chain
chairman
chalk
challeng
chamber
chamberla
champ
champaign
champion
champions
champlain
chan
chanc
chanei
chang
chango
channel
chao
chapt
charact
character
charg
chariti
charl
charli
charliz
charlott
charlotte
charlton
charm
charmer
chart
charter
chase

chat



chattanoo
chawla
che
cheap
cheaper
check
checkerbo
checklist
checkout
cheek
cheesi
chef
chemic
chemother
cher
chernin
cherri
chess
chest
chester
cheung
chevali
chiapa
chicago
chide
chief
child
childbirt
childhood
children
chile
chilean
chill
chilli
chilton
chin
china

chinabyt

chines
chip
chirac
chiyoda
chkl
chloe
chloroxyl
cho
choic
choir
cholera
cholester
chom
choos
chop
chord
choreogra
choru
chose
chri
chriqui
christ
christian
christina
christma
christo
christoph
chromosom
chronic
chronicl
chronothe
chrysler
chubut
chuck
chunk
church
churchil

cider

cigar
cigarett
cincinnat
cindi
cinema
cinemathe
cinematog
cineplex
cineplex-
cinergi
cingeri
cink
circadian
circl
circu
circuit
circuitri
circul
circumcis
circumfer
cite

citi
citibank
citicorp
citizen
citizensh
citric
citytv
civil

clai

claim
clair
clamp
clan
clapton
clarenc
clark

clash

class
classic
classif
classmat
classroom
claudia
claus
clean
cleaner
clear
clerk
cleveland
clever
clich
client
clifford
climact
climat
chimax
climb
clinch
clinic
clinician
clinton
clip
clip-on
clock
clohessi
clone
cloonei
close
close-cir
close-nig
closer
closet
clot
cloth

cloud

clout
clover
clown
clozapin
clt

clt/ufa
club
clubland
clue
clueless
cme

cnet

cnn

co

coach
coalit
coars
coast
coastal
coastlin
coat
co-author
cobb
coburn
coca
coca-cola
cocain
cockroach
cocktail
code
coetzer
co-exec
coffe
coffin
co-founde
cognit
cognoscen

coher
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co-host
coin
coincid
coki

cola
colantoni
cold

cole

coli
colicki
colin
coliti
collabor
collaps
colleagu
collect
collector
colleg
collin
collis
colombia
colombian
color
colorado
colorect
columbia
columbia/
columbu
column
column/ja
column/rb
columnist
colvin
coma
comb
combat
combin

combo



combust
comcast
come
comedi
comedian
comedi-dr
comedi-va
comfort
comic
command
commandeu
commemor
commend
comment
commentar
commer
commerc
commerc-e
commerci
commiss
commissio
commit
committe
commod
commodor
common
commun
communist
compact
compani
companion
companywi
compaq
compar
compart
compass
compassio

compat

compel
compens
compensat
compet
competit
competito
compil
complain
complaint
complemen
complet
complex
complexio
complianc
compliant
complic
complimen
compon
compos
composit
compound
compress
compris
compromis
compusa
compuserv
comput
comput-cl
computer
comput-ge
comrad
conceal
concentr
concept
concern
concert
concess

concret

concuss
condemn
condit
condol
condom
conductor
cone
confer
confess
confid
confident
configur
confin
confirm
confirmat
conflict
conform
confound
confront
confus
congest
conglomer
congress
congressi
congressm
conjur
conn
connect
connectic
conquer
conrad
conscienc
conscious
consecut
consensu
conserv
consid

consist

consolid
consort
consortiu
conspir
conspirac
constant
constin
constitut
constrain
construct
consult
consum
contact
contain
contamin
contempl
contempor
contend
contest
context
contin
continent
conting
continu
contracep
contract
contracto
contraind
contrast
contribut
control
controver
convei
convent
convict
convinc
convuls

cook

cool
cooper
coordin
cop

cope
copeland
copperfie
coppola
co-produc
copul
copyright
core
corest
corman
corn
comnbelt
corneal
cornelia
corner
coronari
corp
corpor
corps
correct
correspon
corridor
corrupt
cort
corteg
cortex
cosbi
cosgrov
cosmet
cosmonaut
cost
co-star
costello

costli
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costner
costum
cotsako
couch
cough
coulter
coulthard
council
councillo
councilma
councilwo
counsel
count
counterca
counterfe
counterpa
counterpr
counti
countri
countrysi
coup
coupl
courag
courier
cours
court
courtesi
courthous
courtnei
cousteau
couturi
cover
coverag
covert
cow
cowan
cowbol

co-writer



co-writte
co-wrote
cox

cozi

cpr
crack
crackdown
cracker
craft
craig
crane
cranki
crash
crave
crawford
crazi
cream
creat
creatacar
creation
creativ
creator
creatur
credenti
credibl
credit
creditor
creep
cremer
crepe
creutzfel
crew

cri
cricket
crime
crimin
crisi

crisp

criteria
critic
croasdal
croatia
crohn
cronkit
crooner
crop
Cross
€rosson
Crossov
Cross-pro
Crow
crowd
crown
crtc
crucial
crude
crudup
cruel
cruelti
cruis
crummiest
cruz
()

csXx

ctd

cub
cuba
cuban
cubic
cuddl
cue
cuff
culmin
cult
cultur

culver

cum
cumul
cunanan
cup

curb

cure
currenc
curri
curriculu
currier
curs

curti
curto
curvebal
cusack
cushion
custodi
custom
cut
cutback
cute
cut-throa
cuyahoga
cw

cyber
cyberawar
cybercaf
cyberchat
cyber-rig
cyberspac
cyberstar
cycl
cyclist
cyst
cystic
czech
d.c.

da

dabb
dad
daddi
dade
daffi
dafo
dai
daida
dai-glo
daik
daili
daisi
dalai
dale
dall
dalla
dalla-for
dallowai
dalton
damag
dame
damien
damn
damon
damu
dan
danc
dancer
dandenaul
dane
danger
dangl
dani
daniel
danish
danni
danson

danza

darden
dare
dario
dark
darker
darkli
darl
darlen
damn
darnedest
darren
darryl
dashiel
data
databas
date
datelin
daughter
daulton
dave
davi
david
davidson
daylight
daypart
daytim
daytona
dead
deadli
deadlin
deadlock
deal
dealer
dealershi
dealt
dean
death
debat
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debbi
debit
deborah
debrah
debt
debut
debutant
dec.-feb.
decai
decarlo
decenc
dechernei
decis
declar
declin
decod
decor
decre
decreas
decrimin
dedic
deep
deeper
deepli
defam
defeat
defend
defens
defensele
defensema
deferiet
defi
defiantli
defici
deficit
definit
deform

dega



degener
deguzman
dehydr
dehydroep
del

delai
delawar
delfino
deliber
delight
deliv
deliveri
dell

della
delro1
delta
demand
dement
dementia
demi
demo
democraci
democrat
demograph
demot
dengu
deni

denis
denmark
denni
denot
denounc
densher
densiti
densmor
dent
dental

dentist

dentsu
denver
denzel
depardieu
depart
departur
depend
depict
deplor
deploy
deposit
depositar
depot
depreci
depress
depth
deputi
derek
derid
dermatolo
dern
derrick
descend
descenza
desecr
desert
deserv
design
desir
desk
desmond
desper
despic
despit
destin
destruct
detail

detect

detector
deterior
determin
detour
detractor
detriment
detroit
deutsch
deutschem
devan
devast
develop
devic
devil
deviou
devito
devlin
dewei
dexter
dextrou
dfw
dhaka
dharma
dhea

dhl

di

diabet
di-affect
diagnos
diagnosi
diagnost
dialogu
dialysi
diamet
diamond
dian
diana

diana-the

diari
diarrhea
diaz
dicaprio
dice
dick
dicker
dickinson
die
diego-bas
diekman
dielectr
diesel
diet
dietari
dietitian
ditfer
difficult
digest
digit
dilat

dill
dillon
dimens
diminish
dimond-ca
dimwit
dinard
dinner
dinosaur
dion
dioxid
dip
dipego
diphtheri
diplomat
direct

director

director-
directori
direct-to
directtv
directv
dirk
disabl
disadvant
disagr
disagre
disappear
disappoin
disast
disc
discern
discharg
disciplin
disclaim
disclos
disclosur
disco
discord
discount
discov
discoveri
discrep
discrimin
discuss
disdain
diseas
diseas-re
disgorg
dish
disinfect
disk
dismiss
disnei

disnei-ow

disneyfi
disord
dispar
dispatch
displai
dispos
disput
disqualif
disrupt
diss
dissatisf
dissemin
dissent
distanc
distant
distast
distinct
distraugh
distress
distrib
distribut
district
disturb
ditch
ditzi
diuret
diva
dive
divers
diversifi
divestitu
dividend
divin
divis
divorc
divx
dixon

dizzi
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dj donor dracula dry duti eberl

dna donut draelo dry-brush dutton ebert
dna-damag doom draft dtb duva e-busi
dobson door drafte dtp duval eccentr
docket dopamin dragon duan duwan echo
doctor dope drain dub dvd eckhard
doctor-pa dor drama duchess d-vt eckhart
docudrama dorft dramat duck dwek eclips
document dorfman drang dud dwell econom
documenta dori draper dudlei dy economi
dodg dormant draw due dylan economist
dodger dorothi drawn duel dynasti ed

dodi dorsei drawn-out duet dysfunct eddi

dof dose dre dug dzubeck edg

doff doubl dread dukaki eager edgar

dog doubl-bre dreadlock duke eagerli edgi
doherti doubl-dig dream dull eagl edinburgh
dolan doubledai dreamwork duma ear edit

dolc doubli dreari dumb ear-bite editor
dole doubt dress dumber earl editori
doll doug drew duncan earli edmond
dollar dougla drill dundi earmark edmonton
dollmak dour drink dunk earn edmund
dolorosa dous drive dunkin earnest eduard
dolphin dove drive-in dunkirk earth eduardo
dome dow driver dunleavi earthl educ
domecq dowd drivewai dunn eas edutain
domest down droll duo easi edward
domin downhil drop durabl easili effect
dominican download drop-off duran easi-to-c efficaci
dominik downsid drove durango east effici
dominiqu downsiz drown durat easter effort
donahu downtown drowsi durban eastern egg
donald downturn drug durham eastman egg-bound
donaldson downward drug-and- durrant eastwood egoyan
donat doyl drug-resi dust eat egypt
donatella dozen drum dustin eateri egyptian

donohu dr drummer dutch eben eichelber



eid-el-ke
eigeman
eight-coi
eighth-ra
eight-tim
eija
einfeld
eisner
ejacul

el

elabor
elain
elastas
elbow-to-
elder
elderli
eldon
elect
electr
electra
electrici
electrolu
electron
eleg
elektra
element
eleph
elev
elfman
elfont
elicit
elig
elimin
elisabeth
elista
elit
elizabeth

elizondo

elk

ell

ella

ellen
elliott
elswit
elton
elucid
elud

elus

elvi
e-mail
e-mail/di
embark
embarrass
embassi
emboss
embrac
embri
embryo
emerald
emerg
emil

emili
emir
emiss
emma
emmanuel
emmer
emmerich
emmerich-
emmi
emmi-win
emmycast
emot
empathi
emphasi

emphysema

empir
employ
employe
empow
empti
enabl
enact
enceph
encephalo
encircl
encompass
encor
encount
encourag
encrypt
encyclope
end
endear
endeavor
endlink
endometri
endotheli
endow
enema
enemi
energi
enforc
engag
engin
england
englert
english
enhanc
enid

enjoi

enl

enlarg

enlist

enni
eno-byrn
enorm
enquir
enrico
enrol
ensembl
ensu
ensur
enter
enterpris
entertain
enthusias
entic
entir
entiti
entranc
entrench
entri
environ
environme
envis
enzi
enzym
epa

epic
epidem
epidemiol
epidermi
episod
€pp
epstein
equal
equip
equiti
equival
er

cra

erad
ergonom
eric

eriq

erod

eros
errand
erstwhil
erupt
erythromy
escal
escap
espn
espn/abcn
espn2
espnew
esposito
esrd
essenti
estat
estefan
estel
estim
estonia
estrogen
estrogen-
eszterha
eta

ethan
ethic
ethiopian
ethnic

eu
eucalyptu
eugen
euro
euro-mp

europ

european
european-
ev

eva

evad
evalu
evan
evand
evangelis
evelyn
even
even-end
event
eventu
ever
everhart
ever-incr
evid
evok
evolut
evolution
evolv

ex

exact
exam
examin
exampl
ex-beatl
ex-boyfri
exceed
except
exception
excess
exchang
excit
exclud
exclus

excrucl
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excurs
excus
exec
execut
executon
exercis
exex
exhaust
exhibit
exhibitor
exhum
exil

exist

exit
ex-marin
exorbit
expand
expans
expect
expedit
expenditu
expens
experi
experienc
experimen
expert
expertis
expir
explan
explicit
explor
explos
export
expos
exposur
express
ex-soni

ex-studen

extend
extens
extent
extra
extraordi
extraterr
extravaga
extrem
extremist
exual
exud
exum
ex-white
ex-wife
exxon
ey
eyemark
eyr
ezralow
fab
fabien
face
facelift
face-off
facial
facil

fact
factor
factori
fade
fahrenhei
fai

fail
failur
fair
fairfax
fairli

fair-us

fairwai
faith
fake

fall
falloft
fallout
fals
fame
famili
familiar
famili-or
famili-ru
famin
famou
fan

fanat
fanci

fao
farber
fare
farentino
farewel
farm
farmer
farquhar
farrah
tarrel
farrow
fascin
fashion
fast
faster
fastest-s
fast-food
fast-trac
fat

fatal

fate

father
father-ha
fatigu
fatma
fatso
fatti
fave
favor
favorit
favreau
fawcett
faxon
fbi

fcc

fda

fear
feast
featur
featurett
featur-le
februari
fece

fed
feder
federico
fedex
fedora
fee

feed
feedback
feeder
fee-for-s
feel

feet

fein
felic
felicia

fell

fellini
fellow
fellow-mu
felon
femal
feminist
femm
fender
ferguson
fernandez
ferrari
fertil
fest
festiv
fetch
fete
fetisov
fetu
fever
fewer
feydeau
fiasco
fiber
fibrosi
fiction
fide
fidel
fiefdom
field
fienn
fierberg
fierc
figaro
figgi
tight
fighter
figur
file

fill

film
filmmak
final
finalist
final-rou
financ
financi
find

fine
finest
finger
fingerpri
finish
finland
finnish
fior

fire
firelight
firewal
firework
firm
firm;
first
first-cla
first-eve
first-han
first-loo
first-qua
first-rou
firstrun
first-run
first-tim
first-yea
fiscal
fishburn
fisher

fit
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fitzgeral
five
five-fold
five-game
five-hitt
five-seco
fix

fla
flagship
flamboy
flame
flamenco
flamingo
flammabl
flanker
flap

flash
flashligh
flat
flatten
flavor
flaw

fled
fledgl
flee

fleet
fleetwood
flesh
fletch
fletcher
flex
flexibl
flextech
fli

tlick
flicker
tlier
flight

flinder
fling
flint
flippant
float
flock
flockhart
flood
floor
flop
floral
florenc
florida
tlourish
flow
flower
flu
flub-proo
fluctuat
fluent
fluf
fluff
fluid
fluorid
fluorid-c
fluorosi
fluti

fly
fly-by-ni
flyer
flynn
finf

fo

foam
focu
focus
foe

fogel

fogerti
foggitt
fogl
foglia
fold

folei
folic

folk
folk-blue
folk-rock
follow
follow-up
fonar
tond
fonda
fondest
fontain
fontana
foo

food
food-born
foot
tootag
tfootbal
footstep
footwear
forai
forb
forbid
torbio
forc
forcibl
ford
fordham
forecast
foreign
foreman

forest

forev
foreword
forfeitur
forget
fork
form
formal
formaldeh
format
former
formerli
formid
formula
for-profi
forrest
forster
forsyth
fort
forthcom
forti
fortif
fortifi
fortun
forum
forward
fosamax
fossil
foster
fought
foul
foul-up
found
foundat
founder
fourl 1
four-cyli
four-stro

fourth

fourth-bi
fourth-hi
fox
fox-liber
fox-new
fox-own
foxx
foyer
fraca
fractur
fragil
fragment
frai
frame
fran
franc
franchis
franci
francisco
frank
frankenhe
frankenst
franklin
franz
frasier
fratern
fraud
fraught
frawlei
frazer
frazier
frecuenci
fred
frederick
free
freedom
freelanc

freemantl
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free-spee
freez

frei
freight
freilich
french
french-ca
freno
frequenc
frequent
fresh
freshest
freshman
fri

fridai
friedman
friend
friendshi
fright
fring
front
fruit
frustrat
fry
fuddi-dud
fudg

fuel
fujimori
fujisanke
fujitsu
full
full-blow
fulli
fulwid
fume

fun
function
fund
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fundament gambit gem giancarlo glaxo golin
fund-rais gambl gena gianni gleam golota
funer gambler gender giant glenn gomez
funerari gambon gene gibson glickman gong
funk game gener gibson/ju glimmer gonzal
funki game-ty genesi gifford glitch gonzalez
funkifi gandolfin genet gift global good
funni gang geneticis gig globalsta goodson
funniest gangster geneva gigabyt globe goodwil
fur gao geni gil glock gooral
furi gap geniu gilbert glon gore
furiou garag genius gile gloria gorecki
furnish garcia genom gillo glove gorg
furnitur garcia-st genr gimmick glover gori
furyk garden gentrifi gina glow gospel
futil gari genuin gingerbre gm g0ss
futur garner geoff ginni go gossip
futurist garrett geograph ginsburg go-ahead g0ssip-mo
ga garri geographi gipsi goal got
gabanna garson georg girl god gotham
gabbana garth georgetow girl-dete godless gottlieb
gabelli gartner georgia girlttien godzilla gould
gabrel gase georgia-b gisel godzilla- goursaud
gabriel-i gasolin georgian gittin goe gov
gaddi ga-tanker geraldo giuliani goeth gove
gadget gate gerard give gogh govern
gaft gatewai german giveawal goizueta governmen
ga-haul gather germani glad-hand gold governor
gai gattaca germann gladli goldberg govern-ow
gai-in-mi gauntlet gernot glamor golden gown
gail gazett gershwin glamour goldeney gra

gain ge gerstman glanc goldenvoi grab
gala gear gestur gland goldman grace
gallbladd gedd get glaser goldmin grade
gallego gee ghost glasgow goldsmith grader
galleri geek ghostwrit glasier goldthwai graduat
galthi geiberg ghoulish glass goldwyn graf

gam geldof giacomo glavin golf graft



graham
grai
grainger
gramerci
grammi
grammi-wi
granada
grand
grandchil
grandmoth
grandson
grant
granulocy
graphic
grappelli
grappl
grate
grave
gravedigg
graveyard
graviti
great
greater
greco
greec
greed
greek
green
greenberg
greenest
greenfiel
greenhous
greenligh
greenspan
greenwich
greet

greg
gregg

gregori
grei
grief
grier
griffin
griffith
grissom
gritti
grocer
groceri
groin
groom
groov
gross
grosser
ground
group
grove
grow
grown-up
growth
growth;
grune

at

ote
guangdong
guarante
guard
guccion
guerrilla
guest
guevara
guid
guidanc
guidelin
guilak
guild
guilder

guilt
guilti
guitar
guitarist
gulf

gum
gumbel
gumbo
gummo
gumption
gun
gurvitz
gusher
guthridg
guttenber
gutter
guttman
gwyneth
gymnast
gynecolog
habit
hacker
hackman
haft
haggerti
ha-ha
haight
hail

haim
hain

hair
hairdress
hal

half

hall
halloween
hallucin

halmi

halo

halt

halv

ham

hama
hamburg
hamburg-r
hamdan
hamil
hamilton
hamlet
hammer
hammond
hampton
hamsher
han
hana-bi
hand
handgun
hand-held
handi
handl
handov
handphon
handsom
hand-writ
handyman
hang
hangout
hank
hanselman
hansi
hanson
hanson-he
happi
harangu
harass

hard

hardcor
hardcov
hardlin
hard-line
hard-live
hardship
hardtop
harkin
harlei
harm
harmless
harmoni
harmonica
harnel
harold
harper
harpercol
harperpap
harpist
harpo
harrel
harrelson
harrer
harri
harrison
harrow
harsh
harsher
hart
hartenbau
hartford
hartman
harvard
harvei
hasek

hat

hatch

hate
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haugland
haul
haunt
haven
havoc
hawk
hawthorn
hay
hazard
haze

hbo

hbv

hdl
hdl-2b
head
headach
headhunt
headlin
headquart
headset
health
healthi
healthier
heap
hear
hearst
heart
heartbrea
hearti
heat
heat/colu
heather
heavi
heavier
heavili
heavyweig
hebert
hech



hecht
heckler
hector
hedaya
hedg
hedonist
heel

heft

hefti
hegedu
height
heighten
heineken
heinrich
heiress
held
helen
helena
helicopt
hell

helm
helmer
helmet
helmut
help

helpl
helsinki
hemispher
hemophilu
hen
henchman
henderson
hendrick
hendrix
henri
hensela
heparin

hepat

hepburn
herald
herb
hercul
hereford
herk
herman
hernandez
hero
heroin
heroism
herp
herpesvir
hershei
herv
hesit
heston
heterosex
hethering
hewitt
hewlett-p
heydai
heyward
hh/cde
hhv-6

hib

hick
hickei
hidden
hideki
hieroglyp
high
highbrow
high-calo
higher
higher;
higher-le
higher-pr

highest
highest-p
highest-r
high-fly
high-freq
highli
highlight
high-octa
high-prof
high-qual
high-scho
high-spee
high-stak
high-tech
hightman
higuera
hijack
hike

hilar

hill

hillari
hiller
hillerman
hilligoss
hilltop
hilt

hilton
himalaya
hincklei
hine

hing
hingi

hint

hip
hip-hop
hippocamp
hipster

hire

hirsch
hirschfel
hirschhor
hirst
hispan
histor
histori
historian
hit
hitchcock
hitler

hiv
hiv-posit
hk97
hmo

ho

hoax
hobbi
hoch
hockei
hoffman
hofmann
ho-hum
hoist
holbrook
hold
holder
holdov
hole
holidai
hollywood
holobyt
holocaust
holyfield
homag
home
homegrown

homeland

homeless
home-made
homer
homevid
homicid
homo
homosexu
honcho
honda
honest
honeyboi
honeymoon
hong
honor
honorari
honore
hood
hoodlum
hoof
hook
hooker
hookworm
hoop
hoover
hop

hope
hopkin
hopper
horac
horib
hormon
horn
horner
horribl
horrifi
horror
hors

horton

horvitz
hose
hospic
hospit
hossein
host
hostag
hostil
hot
hotard
hotel
hoteli
hotlin
hotmail
hot-pant
hot-sell
hottest
hound
hour
hourli
hourlong
hous
household
housem
hous-sena
houston
hove
howard
howel
howi
hpi

hpv

hr

hrt

htec

hub
hudson

huei
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hug

hugh

hui

hull
human
human-bas
humanitar
humbert
humberto
humbl
humid
humor
humphrei
hundr
hundt
hungari
hungarian
hungaroto
hunger
hungri
hunki
hunt
huntingto
huntlei-b
hurd
hurdl
hurrican
hurt
husband
husband-a
hush
hussein
huston
hut
hutchison
hve
hybrid
hydrocarb

hyler
hype
hyperact
hypersens
hyper-sin
hypertens
hyperther
hypervita
hypothes
hypothesi
hypothet
hypoxia
i/o

1ab

iagara

1an

iata
ibaraki
ibf

ibm

ic

icahn
ichakawa
ick

icm

icon
idaho
ideal
ident
identifi
ideolog
idiom
iffm

ifpi

ight
iglesia
1gnit
ignor

i1

ill

illeg
illicit
illinoi

ilo

imag
imagin
immatur
immedi
immens
immers
immigr
immin
immun
immunodef
immunolog
impact
impair
impart
impeach
impel
impermiss
implant
implaus
impli
implic
import
1mpos
impress
impressio
imprint
imprison
improp
improprie
improv
improvis

inact

inactiv
inadequ
inan
incarn
incent
incestu
inch
incid
includ
inclus
incom
incomplet
inconsist
increas
incred
increment
indec
indecis
independ
index
indi
india
indian
indic
indict
indiffer
indigen
indign
indirect
indiscree
individu
individu-
indonesia
indoor
induc
industri
industri-

industryi

ineffect
ineffectu
inertia
infam
infant
infect
infecti
inferior
infest
infin
inflamm
inflat
inflow
influenc
influenti
influenza
influx
inform
infrastru
infring
infus
ingersol-
ingest
inglewood
ingmar
ingredi
inhabit
inher
inherit
inhous
in-hous
inhuman
initi
inject
injunct
injur
injuri

injuri-pr

ink
ink-stain
inmat
inn

inner
innoc
innocent
inoper
inquiri
insan
insecur
insert
insid
insight
insignifi
insist
insomnia
inspect
inspir
instal
instanc
instant
institut
instruct
instructo
instrumen
insulin
nsur
intak
integr
intel
intellect
intellig
intel-wsj
intend
intens
intensifi

intent



interacit
interact
intercept
intercour
intercut
interest
interfer
inter-gov
intern
internet
interpers
interplai
interpret
interst
interv
intervent
interview
intim
intimid
intl
intra-squ
intraven
intrigu
introduc
intrud
intrus
intuit
invad
invas
invent
inventori
invest
investig
investor
involv
in-your-f
inzerillo

ioc

iowa
iq

ir

ira
irabu
irani
iranian
iraq
iraqi
ireland
ir
iridium
irish
irk
iron
ironi
irradi
irrit
rv
irvin
Irwin
isaac
isabella
isford
islam
island
ismail
isobel
isol
isomedix
isra
israel
1ssei
1ssu
istvan
1suzu
it

itali

italian
itchi
item

itn

itv

v

ivan

ivf

ivori

1X

jab

jack
jacket
Jacki
jack-in-t
jackson
jacksonvi
jaclyn
jacob
jacobi
jacor
jacott
jacqu
jacquelin
jagger
jai

Jail

jake
jakob
jam
jama
jamaican
jame
jami
jamiroqua
jana
jane

jani

Japan
Japanes
japanes-a
Japanes-|
jarnefelt
jarrett
jason
java
jave
javier
jaw

jazz
jealousi
jean
jean-bapt
jean-clau
jean-jacq
jean-mari
jean-mich
jeann
jeanniot
jeff
jefford
jeftrei
jellyvis
jen

jeni

jenni
jennif
jen-peter
jeopard
jeremi
jerk
jerom
jerri
jersei
jerusalem

jess

jessi
jessica
jesu

jet

jew
jewel
jewish
jewison
jibe

jim
jimenez
jimi
jimmi
joan
joaquin
job

jobe
jobless
jocelyn
jock
jodi

joe

joel
johannesb
johansson
john
johnni
johnson
johnston
joi

join
joint
joke
jollei
jon
jonathan
jonbenet

jone
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jone/will
jone-will
jonz
joplin
jordan
jordanian
jose
joseph
joss
journal
journalis
journei
journeyma
journo
jovi
joyless
judd
judg
judgment
judici
judith
Juic
juilliard
juli

julia
juliann
juliett
Jjulio
jump
jungl
Jjunior
junket
junki
Jjupit

juri
jurras
jusczyk

Jjust



justic
Jjustifi
justin
k.d.
k6-mmx
kabc-am
kacd
kacd-fm
kagan
kai
kaiser
kaleidosc
kalevi
kalmykia
kamil
kangaroo
kansa
kaphan
kaplan
karachi
karaszews
karg
karloff
karma
karolinsk
karpov
kar-wai
kasparov
kastner
kate
katharin
katherin
kathi
kathleen
kathrin
kathryn
kati

katlin

katt

katz
katzenber
kayoko
kazan
kbp

kcal

kcb
keanu
keaton
keaton/ge
keenen
keep
keeton
kehl

kei

keitel
keith
kelantan
kellei
keller
kelli

ken
kenna
kennedi
kenneth
kennett-b
kenni
kensingto
kentucki
kerri
kesei
kessman
kevin
keyboard
keyboardi
keyword
kfi-am

khan
kiarostam
kibosh
kick
kickback
kicker
kid
kidman
kidnei
kid-orien
kidron
kidvid
kiefer
kill

killer
kilmer
kilo
kilomet
kilt

kim
kimmel
kimmelman
kimura
kind
kinda
king
kingdom
kingpin
kingsmil
kinsella
kinski
kirch

kiri

kirk
kirkpatri
kirsti
kishimoto
kiss

kit
kitano
kitchen
kitti

kkbt
kkbt-fm
klass
klein
klesko
klezmer
klif

kline

klo
klo-fm
klsx-fm
klurfeld
klve-fm
knee
kneecap
knee-leng
knick
knight
knighthoo
knock
knockoff
knopf
knotti
know
knox
knuckl
kobzon
koch
kombat
kommunika
kong
konstanc
konstanti
kool-aid

kooper
koran
korea
korin
kortnei
kosevo
koss
kost-fm
kosuk
kota
kotto
kovitz
kozak
krane
kranner
kraus
krauss
krenek
kri
krieger
kristen
kristi
kristin
kristoffe
kroger
krolock
krog/gold
krog-fm
krth-fm
krzyzewsk
ktwv-fm
ktzn
kubrick
kuerten
kuilenbur
kuito
kumamoto

kuralt

kurdish
kurki
kurosawa
kurtz
kurtzman
kusturica
kweti
kxa-tv
kyoto

lLa.

la

lab
labarrer
label
labor
laborator
labut
lace
lachlan
laci

lack
lacroix
ladd

ladi

lafac
lahti

lai

laid
laid-back
lam

lama
lamb
lame
lamont
lamp
lampoon
lan

land
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landfal
landfil
landi
landmark
landown
landscap
landslid
lane
lang
langella
languag
lanka
lanni
lansburi
lao

lap
lapierr
laptop
lar
larg-scal
lark

larri

laru
lasal
laser
lash

last
last-chan
laszlo
latch

late
late-nigh
latest
latex
latin
latina
latino

latter

latvia
lau

laud
lauda
laudadio
lauder
lauderdal
lauff
laugh
launch
launder
lauper
laura
laureat
laurenc
laurent
lausann
lauter
lavinia
lavishli
law
lawmak
lawrenc
lawsuit
lawyer
lax

layer
layoff
layout
led

le

lea

lead
lead-base
leader
leadershi
lead-in

leaf

leagu
leahi
leak

lean
leann
learn
leas

leav
leavin
lectur
lederman
lee

leed

left
left-hand
left-wing
lefurgi
leg
legaci
legal
legend
legendari
leggi
legion
legisl
legit
legitim
lehman
leicest
leigh
leipzig
leisur
leisz
leland
lemk

len

lend

lenert

lennon
lennox
lens

lenz

leo

leon
leonard
leonardo
leopard
leprosi
leptin
leptospir
lesbian
leshner
lesion
leslei
lesson
less-stre
lest
lester

let

lethal
lett

letter
letterman
leukaemia
leukemia
level
leverag
levi
levin
levinson
levitch
lew

lewi
lhakpa

li

liabil

liar

libel
liberti
librari
licenc
licens
license
lichtenst
lichtman
lid
lidstrom
lie
lieberfar
life
lifeguard
life-save
lifestyl
life-thre
lifetim
lift

light
lighter
lightn
lightstor
likabl
likelihoo
like-mind
likewis
lila
lillehamm
limbaugh
limber
limit
limit-run
limousin
linag
linchpin

lincoln
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linda
lindo
lindro
line
lineag
lineback
line-item
lineman
linesman
lineup
link
linklett
linnei
linu

lion
lionel
lipid
lipstick
liqueur
liquid
lira

lisa

list
listen
listen-to
lit
literari
literatur
lithgow
lithotrip
lithuania
litig

littl

live
live-acti
livent
liver

liverpool



livewir
liz
lizandro
lloyd

lo

load
loan
loath
lobbi
lobbyist
local
locat
lock
lockhart
lodg
lodz
loew
loftier
lofton
logic
logo
log-roll
lolita
lollo
lollobrig
lomax
lomb
lombard
lombardo
lon
london
london-ba
lone
loneli
long
long-awai
long-dist

longer

longest-r
longev
long-miss
long-run
long-stan
long-term
longtim
look
look-alik
lookout
loom
loonei
loopi
loos

loot
lopez
loral
lorca
lord

lori

lose
loser
losh

loss

lost

lott
lotteri
lotti

lou
loughlin
loui
louima
louis
louisiana
louisvil
love
loveli

lovemast

lover
lovett
low
low-birth
low-budge
low-cost
lower
loweri
lower-tha
lowest
low-kei
lowni
low-speed
lozeng
Iso

luaka
lucci
lucent
luci
luciano
lucil
lucki
lucretia
ludwig
lufkin
lugar
lugosi

lui
lukewarm
lullabi
lumber
luminari
lumpi
lunch
luncheon
lunden
lung

lure

luther
luxembour
luzhkov

ly
lymphoma
lynch
lynda

lyne

lynn

lyon
lyonnai
lyric

mac
macau
macbeth
macharia
machin
machineri
maci
macintosh
macisaac
maclean
macneil
macpherso
macrophag
mad
maddock
made-for-
madigan
madison
madonna
madrid
mae

mafia
magazin
magda
magdalena

maggi

magistr
magnat
magnet
magnitud
maguir
magyar
maharajah
mahmoud
mahmud
mahonei
mai
maiden
mail

main
maina
mainland
mainli
mainlin
mainstrea
maintain
maj
majandra
major
major-lab
major-lea
make
maker
makeup
make-up
makharadz
malacarn
malaria
malaysia
malaysian
male
male-bias
male-driv

maleeva
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malign
malik
maling
mall
mallett
malloi
malnutrit
malon
mambo
mammal
man
manag
manageri
managua
manchest
mandalai
mandarin
mandatori
mandela
mandrel
mangan
mangold
mangold-h
manhattan
manipul
man-made
manner
manni
mano
manor
mansion
manson
mantl
manton
manufactu
manz
manzarek

map



mapl
map-make
maradona
marathon
marbl
marc
marcelo
march
marchand
marci
marcia
marcu
mardi
mare
marenostr
margaret
margin
mari
maria
marian
mariann
mariano
marijuana
marilyn
marina
mario
marisa
marit
mark
marker
market
marketpla
market-st
marlei
marlin
marlon
marlow

marold

maroza
marque
marri
marriag
marriott
marshal
mart
martha
marti
martial
martin
martina
marv
marvel
marvin
marx
maryland
masaya
masayuki
mascot
masculin
mashantuc
mask
maslon
maso
mason
mass
massachus
massag
massiv
mass-mark
master
mastercar
masur
mat
matalin
match

matchmak

materi
matern
mathieson
matoian
matraca
matrix
matt
mattea
mattel
matter
matter-of
matthew
mattiolo
maud
maximum
maxin
maxwel
mayor
mazar
mazurski
mbe

mca
mcafe
mcalari
mcartor
mcat
mcbeal
mcbride
mccain
mccartnei
mccaw
mcclure
mcconaugh
mccurri
mcdonald
mcdormand
mcduffi

mcginni

mcgovern
mcgrath
mcgraw
mcguir
mcl

mckai
mckean
mckellan
mckendric
mckenna
mckinlei
mckinnei
mclean
mcleish
mcmichael
mecnamara
mcname
mcnaught
mcveigh
mdp

mdrd
meadow
meagan
meal
mealtim
mean
meaningle
meanwhil
measur
meat
mechan
med
medal
media
median
mediat
medic

medicaid

medicar
medicin
medic-inf
mediocr
mediterra
medium
meek
meer
meet
megahertz
megastor
megil
meharri
mel
melani
melanoma
melbourn
melissa
mello
mellon
melros
melt
member
membershi
membran
memento
memo
memoir
memor
memori
men
mena
mend
mendt
menopaus
menstruat
mental

mental-he

menthol
merc
merced
mercer
merchandi
merchant
mercier
merck
mercuri
meredith
merg
merger
meridian
mering
merit
merri
merril
mersel
merton
meryl
mess
messag
messier
metal
meteor
meteorit
meteorolo
method
metro
metro-gol
metropoli
mexican
mexico
meyer
mg/dai
mgm

mi

miami



miandad
mice
michael
micheaux
michel
michelang
michelob
michigan
michon
mick
mickei
mickelson
micro
microbiol
micron
micropros
microsoft
midcon
middl
middl-ag
middl-lev
midem
midg
midler
midseason
midst
midwest
midyear
mielli
mighti
miguel
mike
mikita
milan
mild

mile

milit

militant

militari
militari-
militia
milk

mill
millenniu
miller
milli
milligram
million
millionai
million-s
milo
milwauke
mimi
mimic
mind
mine
miner
mini
minim
miniseri
mini-seri
miniskirt
minist
ministri
minivan
mink
minneapol
minnesota
minor
minstrel
minu
minut

mir

mira
mirag

miramax

miranda
mirror
mischer
misconcep
misconduc
misdemean
misdiagno
miseri
misguid
misportra
miss
missel
missens
mission
missionar
mississip
mistak

mit
mitchel
mite

mithe
mitosi

miu

mix

miyak
miyazaki
min
mln/dai-c
mmp
mmp-9
mob

mobi
mobil
mob-theme
mochiach
mock
model

modem

moder
modern
modern-da
modest
modestli
modif
modifi
modin
moesha
mogadishu
mogul
moham
mohammad
mohammadi
moistur
mold
molecul
molecular
molli
mom
moment
mo-mix
monarchi
monash
mondex
monel
monei-los
monei-win
monetari
monica
monitor
monk
monkei
monoclon
monopoli
monr
monro

monster

monster-m
mont
montana
montel
month
monthli
monti
monticell
montreal
montreal-
montserra
monument
mood
moon
moonlight
moor
moorer
moorhous
moorish
moral
moratoriu
morello
moreov
moretta
morgan
moriarti
mormon
morn
morn-long
morocco
morphin
morri
morrison
mortal
morton
MOSCOW
mose

moshontz
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mosquito
moss
mossad
mossberg
mother
mother-ch
motion
motiv
motor
motorcycl
motorola
motown
mottola
mount
mountain
mourn
mous
mouskouri
mouth
mouthguar
move
movement
movi
moviego
moviemak
movi-goer
mowad
mozilla
mr

mrap
mraz

mri

ms

msn
msnbc
mtm
mtm-sb

mtv



mubarak
much-anti
muddi
mug
mugshot
muhammad
mui

mula
mulder
muldoon
mull
mulli
mullin
mulo
multi-app
multicent
multi-cha
multimedi
multi-mil
multipl
multi-scr
multi-yea
multiyear
multo
mumbl
mummi
munich
murder
murderess
murdoch
murphi
murrah
murrai
muscl
muscular
muse
museeuw

museum

musgrayv
mush
music
music-bas
musician
musicvide
muslim
musselman
mussolini
muster
mutant
mutat
mutual
mutv
mycobacte
myer
myra
mynad
mysteri
myth
mytholog
ny.

nab
nabokov
nacho
nader
nafta
nagano
nagi
nahoko
nair
nakamura
nam

nama
name
nana
nanci

naomi

nap
napoleon
naqvi
narada
narr
narrat
narrow
nasal
nascar
nasdaq
nashvil
nashvil-b
nassau
nastassja
nasti

nat
nathan
nation
nationwid
nativ
nato
nato-led
nattili
natur
natwest
nausea
naveen
navig
navin
naymark
nazi

nba

nbc
nbc-monda
nbec-tuesd
nc-17
ncaa

ncr

nd

nea

near
nearbi
nearer
nearest
nearli
near-term
nebraska
nec

neck
necklac
necrophil
ned
nednei
need
needl
needl-fre
neg
neglig
negoti
neighbor
neighborh
neil

nell
nelson
neon
neonat
nephrolog
nerv
nervou
nestl

net
netcar
netherlan
netscap
netsurf

netwar

network
networld/
neuman
neurolog
neurosurg
neurot
neurotox
neurotran
nevada
neve
neveen
neverthel
new
newborn
newburi
newcom
new-found
newfoundl
newhart
newli
newman
new-model
newscast
newsgath
newsmag
newsmagaz
newspap
newsprint
newsweek
newswir
newsworth
newton
next
next-gene
nextgener
nfc

nfl

ngawarla

139

nhl
niagara
nicaragua
nich
nichol
nichola
nicholson
nick
nickel
nickelode
nicki
nickla
nicknam
nicol
nicola
nicotin
nida
niedermay
nielsen
nietzsch-
nifti

nigel
nigh
night
nightclub
nightmar
nightspot
nighttim
nih

nik

nike
nimitz
nina

nind
nine-mile
nino
nippon

nirmala



niro

nishi
nissan
nitrogen
nitti-gri
nix

nixon

nl

nlc

noa

noah
nobel
nobilo
nobl
nobodi
nobuhiro
no-contes
nocontest
nod
no-fly
no-hitter
noir

nois

nolt

nom
nomin
nomine
nomo
nondur
non-engli
nonethele
nonexclus
nonexist
non-ficti
non-gover
non-hodgk
non-holid

nonlinear

non-live
non-mainl
non-micro
non-music
non-perfo
non-profi
non-ring
non-road
nonsmok
non-smoke
non-stop
non-tradi
noon
normal
norman
norri
nortel
north
northam
northeast
northern
northwest
norton
norwat
norweb
norwegian
no-sale
nose
nostalg
nostalgia
notabl
notch

note
notebook
noteworth
notic

notif

notorieti

notr
notwithst
nov
nov.-jan.
nova
novel
novella
novemb
novic
novotna
now

nra

nrg

ntl
nuclear
nucleu
nude
nuditi
nui
numb
number
numer
nun
nurburgr
nurs
nutrient
nutrit
nutrition
nutti
ny/la
nyff
nymphet
nynex
nypd
0.J.

oak
oakland

oat

oaxaca
obes
object
oblig
obscen
obscur
observ
obsess
obsess-co
obst
obstacl
obstetr
occas
occasion
occident
occidenti
occipit
occup
oceanogra
oconnor
oct

octob
odd
oddbal
odonnel
oedip
offbeat
off-beat
offenc
offens
offer
offfend
offic
offici
off-kilte
ott-label
off-netwo

off-road

off-spinn
offspr
offstag
ogea
ohio
ohio-base
oil

oiler

ok
oklahoma
oko
oktoberfe
old

older

oldi
old-time
oliv

olivi
olivia
olymp
olympia
omar
omnipres
on

onassi
onboard
on-board
on-camera
onc-domin
onetim
on-game
ongo
onlin
onlin.not
on-line
on-name
onoran

on-ramp
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onsal
onset
onstag
on-third
on-time
onward
on-yard
open
openli
oper
opera
ophthalmo
opinion
oppenheim
oppon
opportun
oppos
opposit
oprah
opt

optic
opu
oracl
oral
orang
orbison
orchestra
order
ordin
ordinari
oregon
orenstein
organ
orgazmo
origin
oriol
orion

orlean



orphan
orphanag
orrin

ortt
osaka
oscar
oscar-cal
oscar-nom
oscar-win
osgood
0Smo
0steoporo
osugi

oth
othello
other
ottawal
oul

oust

out
outback
outbid
outbreak
outcast
outclass
outcom
outdon
outdoor
outer
outfit
outh
outlai
outlaw
outlet
outlin
outlook
out-of-co

outpati

outperfor
outpost
outpour
output
outrag
outscor
outsid
outskirt
outsourc
outspoken
outstand
outstrip
outtak
ovat

over
over-40
over-achi
overal
overcom
overcrowd
over-diag
overdon
overdos
overdr
overh
overhaul
overnight
overpopul
over-pres
overrun
overse
oversea
oversight
overstai
overt
overtli
overtur

overturn

overweigh
overwhelm
ovitz
ovum
ow

owen
own
owner
ownership
oxid
oyster
ozwald
pace
pacif
pacino
pack
packag
packer
pact

pad

padr
page
pageant
pager
pai

paid

pain
paint
painter
pai-per-v
pair
pakistan
pal

palac
palai
palazzo
pale

palestini

palisad
palm
palma
paltrow
pam
pamela
panama
pancreat
pandem
panel
panelist
panini
panish
pant
pantheon
panther
papa
paparazzi
paper
paperback
paperboar
papp

par

par-5
par-71
par-72
parabl
parad
paradi
paradorn
parallel
paralysi
paramount
parapleg
parasit
pardon
parent

parenthes

par-five
pari

park
parker
parkinson
parlanc
parliamen
parlor
parnevik
parodi
parol
parretti
parri
parrot
parson
part

parti
partial
particip
particl
particul
partner
partnersh
partygo
pasadena
pass
passeng
passer-by
passion
passiv
passport
past
pasta
pasteur
pastor
pat
patagonia

patch

patent
paterno
path
pathogen
pathwai
patient
patricia
patrick
patriot
patron
pattern
patterson
pattiz
patton
paul
paula
pauli
paulin
pavarotti
pave
pawn
pawpaw
paxson
paxton
payback
paycheck
paydai
payer
payment
paymer
payout
paz

pb

pbx

pc

pca

pcb

pco
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pdt penseroso persona photo pitch pleasant
pdufa pension pertain photograp pitcher pleasantv
peac pentagon peruvian phrase pitt pleasur
peacekeep penthous pervers physic pittsburg pledg
peacemak pentium pestel physician pix plenti
peach penultim pet physiolog pizza plight
peak peopl pet-born pianist placard plod
peanut peopl/arc pete piano place ploi

pearc peoplesof peter piccoli placebo plot
pearson pequot petersbur piceanc plagu plu

peck perceiv petersen- pick plai plug
peddler percent peterson pickart plain plumb
pediatr percentil petrikin picker plainfiel plung
pediatric percept petroleum picki plaintiff plymouth
pedophili perdita petti pickl plan pm

peel perez pew pickup plane pneumonia
peer perfect pfeifter pictuir planet pocket
peerless perfor pg-13 pictur planner pocketnet
pelvi perform pga pie plant pod
pelvic perhach phantom pierc plant-der podgi
pen period pharmaceu pilch plaqu poe
penalti periodico pharmaci pill plasma poem
penc periosteu phase pilot plastic poet
pend perk phenomeno pin platform poetri
pendergas perki phere pinch-hit platinum poignant
pendulum perkin phil pink platt point
penelop perlich philadelp pinochet plausibl pointcast
penetr perman philand pinstrip playboi point-of-
penguin permiss philip pin-up playdat poir
penicilli permit philipp pioneer player pois

penn peroxid philippin pipe playmak poison
pennant perplex phillimor pippen playoff poker
pennebak perri phillip piraci playwrigh poland
pennel perriman philosoph pirat plaza polanski
penner per-scree phoenix pisark plc pole
penni persecut phone piss plea polic
penningto persian phone-in piston plead policeman

pennsylva person phonetap pit pleas polici



polish
polish-bo
polish-fo
polit
politican
politicia
poll

polli
pollock
pollut
polygram
polygram-
polystyre
polyunsat
pontecorv
pontel
pontiac
poof
pooh
pooki
pool

poor
poorer
poorest
pop

pope
poppa
poppi
popul
popular
pop-up
porcelain
porcelli
porgi
porn
pornograh
pornograp

porsch

port
porter
portfolio
portion
portland
portli
portrai
portrait
portug
pose
posel
posit
poss
possesori
possess
possibl
post
postcard
poster
postman
post-mark
post-op
postpon
post-prod
postseaso
post-surg
postur
pot
potato
potent
potenti
potter-ri
poultri
pound
pour

powder

powel
power

power-lin
powerpc
power-pla
pph
pprom
PPv
practic
pragu
prais
prank
prayer
preacher
pre-broad
pre-cance
precaut
preced
precinct
preclud
precursor
predat
predecess
predict
predictor
predomina
preemi
preempt
preemptiv
prefer
pregnanc
pregnant
prei
prejudic
prelimina
prematur
premier
premio
premis

premium

prenat
prepar
pre-produ
prequel
preschool
prescrib
prescript
presenc
present
preserv
presid
president
preslei
pre-sold
press
press-ent
pressur
preston
pretax
preterm
pre-treat
prevail
preval
prevent
preview
price
price/wee
price-fix
pricei
pride
priest
primaci
primari
primarili
primat
prime
prime-md

primer

primetim
prime-tim
primu
princ
princess
princip
principl
print
prion
prior
prioriti
prison
privaci
privat
privat-ru
privileg
prix
prize
prize-win
pro
proactiv
probabl
probat
probe
problem
probucol
proce
procedur
proceed
proceedur
process
processor
proclaim
prod
prodi
prodigi
produc

produc-cr
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produc-so
product
professio
professor
profici
profil
profit
profit-sh
profound
progestin
program
program/c
programm
progress
prohibit
project
prolif
prolifer
prolong
promin
promis
promo
promot
prompt
prone
prop
propag
propagand
propan
proper
properti
propon
proport
propos
proscan
prosecut
prosecuto

prosk



prospect
prostat
prostitut
protect
proteg
protein
protest
protocol
proudli
prove
proven
provid
provis
provoc
prp
prudenc
prudent
prusin
pseudonym
psi
psychedel
psychiatr
psychic
psycholog
psychopat
psychosi
pten

pub
public
public-af
public-in
publicist
public-pr
publish
puddl
pudnei
puent

puerto

puff
pulitz
pull

pulp
puma
pumpkin
punch
punch-up
punish
punit
pup

pupil
purchas
pure

puri
purport
purpos
pursu
pursuit
purveyor
pusan
push

put

putt

pyke
pyramid
pyrin
pyrotechn
pyscholog
q3

quaid
qualifi
qualiti
quart
quarter
quarterba
quarterfi

quash

que
queen
queer
quentin
question
questionn
quiet
quill
quilti
quinetet
quinlan
quinn
quinta
quit

quot

qvc

rabin
rabindran
race
rachel
rachin
rachtman
racial
racism
rack
radiat
radio
radiosurg
rae
raechel
raffl

rage
ragsdal
ragtim
rai

raid
raider

railwai

rain
rainbow
rais

ralli
ralph
ramazan
ramel
rami
ramif
ramirez
ramona
rampl
ramsei
rand
randal
randi
randolph
random
rang
ranger
rank
rank/seas
rank-and-
rap

rape
rapid
rapidli
rapper
raptor
rare
rarefi
rashad
rat

rate
ratif
ratio
ratner

ravag

raven
rawl
raymond
raytheon
b

rca
reach
react
reaction
read
reader
readi
readi-to-
reagan
real
realiti
realnetwo
realplay
realti
real-time
reappear
rear
reason
reassert
reassur
rebat
rebecca
rebeck
rebel
rebirth
reborn
rebound
rebuff
rebuild
recal
recapit
recchi

receipt
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receiv
recept
receptacl
receptor
recess
re-challe
recip
recipi
recit
reckless
reckon
recogn
recognit
recollect
recommend
reconcil
reconsid
reconstru
reconven
record
recount
recoup
recov
recoveri
recruit
recur
recut
recycl
red
red-carpe
redempt
redesign
redford
redgrav
red-hors
redistric
redmond

redrock



reduc
reduck
reduct
redund
redux
redwood
reed
ree-jone
reel
reemerg
rees
reev
re-examin
refer
refere
refin
reflect
reform
refriger
refug
refund
refurbish
refus
regal
regard
regardles
regenc
regga
regi
regicid
regim
regimen
regina
region
regist
regret
regul

regular

regularli
regular-s
regulator
rehabilit
rehears
reid
reimburs
reiner
reinforc
reinvigor
reiss
reissu
reiter
reith
reject
rekindl
rel

relat
relations
relaunch
relax
releas
relt
reliastar
relief
religi
religion
relish
reloc
reluct
remain
remak
remar
remark
rembrandt
rememb
remind

remiss

remot
remov
ren
renaiss
renal
re-narrow
render
rendit
rene
renegoti
renew
renna
reno
renov
rent
reopen
reorgan
rep
repair
repeat
repeated|
repel
repetit
replac
replic
report
reported]
repres
represent
repress
reprint
repris
reproduct
repubblic
republ
republica
repurchas

reput

request
requir
rerun
reschedul
rescu
research
resembl
reserv
reshap
reshuffl
resid
residenti
residu
resign
re-sign
resist
resolut
resolv
reson
resort
resourc
respect
respirato
respond
respons
rest
restart
restaur
restenosi
restitut
restor
restraint
restrict
restructu
result
resum
resurfac

resurg

resurrect
retail
retain
retent
rethink
retir
retool
retreat
retun
return
reunion
reunit
reuter
reuter/va
reveal
revel
revenu
reverber
TEVETS
review
review/ca
review/fi
review/pe
review/st
review/te
review/ti
review/vi
revis
revision
revit
reviv
revok
revolt
revolut
revolv
reward
rewrit

reynold
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rhesu
rheumatoi
rhino
rhythm
rhythmic
riaa

riana
ribbon
riccardo
ricci

rice

rich
richard
richenber
richer
richest
rick
rickel
rickman
rico

rid

ride

rifl

rigbi
riggi
right
right-han
right-thi
right-win
rigor
rijnsburg
riker

riki

rilei

rim
rimantadi
rime

rimini



riminicin
ring
rinker
rins

rio
riordan
riot

rip

ripe

rise

risk
riski
rita
rittenban
ritual
ritz
ritz-carl
riva
rival
rivalri
river
rivera
rivet
rivlin
roach
road
roar

rob
robard
robb
robber
robert
robeson
robin
robinson
robust
rocha

rochest

rochon
rock
rocker
rocket
rocki
rockin
rockplex
rod
roddi
rodger
rodham
rodkei
rodman
rodnei
rodrigo
rodriguez
roger
rogu

roi
roland
role

roll
rollin
rollov
roman
romanc
romania
romant
romantic
rome
romeo
romp
ron
rona
ronald
ronan
roof

rooki

room
roommat
roon
roosevelt
rooster
root
rosario
rose
rosemari
rosenberg
rosenblat
rosencran
rosi

ross
roster
rotat

roth

roug
rough
round
roundabou
rourk
rous

rout
router
routin
rout-reca
rove

row
rowland
roxann
royal
royalist
royalti
royalti-f
rpm
r-rate

rtl

rubber
rubin
rudi
rudnick
rudolf
rudolph
rudraneil
rue

ruff
rugbi
rugrat
rule

ruler
rumbel
rumbl
rumor
run
run-in
runnerup
runner-up
rupert
rupp
ruptur
rural
rush
rush/high
rushdi
russel
russia
russian
Tusso
rustl-pro
rut

ryan
ryavec
ryder

sa

saatchi

saban
sabin
sabr

sach
sack

sacr
sacrament
sacrifici
sad

safe
safeguard
safer
safeti
safewai
sag

saga
sahara
sai

said

sail

saint
saint-and
salari
sale
salient
salim
saliva
salivari
salon
salsa

salt

salut
sam
samantha
samet
sampl
sampra

samuel
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san
sanchez
sanchini
sanction
sand
sander
sandra
sandrich
sandrin
sanguin
sanofl
santa
santana
santeria
santiago
santini
santo
sapien
sappi
sarah
sarajevo
sarandon
sarcomer
sardinia
sargent
sartor
satan
satcher
satellit
satir
satisfact
saturdai
saudi
saunder
sausag
sausag-lo
sauvag

savag



savard
save
saver
savvi
sawamatsu
sax
saxophoni
sayl
sbano
scald
scale
scalia
scam
scan
scandal
scandinav
scarc
scenario
scene
sceneri
scent
schaefer
schaffer
schatzsch
schedul
scheider
scheme
schevardn
schiff
schiffer
schiller
schizophr
schlamm
schlessin
schlosber
schmidt
schmitz

scholar

scholarli
school
schoolboi
schoolhou
schrager
schulman
schulz
schumach
schwartz
schwarzen
schwarzma
scienc
scienc-fi
scientif
scientist
scientolo
sci-fi
scion
sciorra
sclerosi
scold
scoop
scope
score
scorses
scotch
scotia
scotland
scott
scottish
scrambl
scranton
scrapi
scratch
scratcher
scream
screen

screen-an

screenpla
screenwri
scribe
scripp
script
scripter
scrum-hal
scrutini
scudder
sculptor
sculptur
scum

sea
seafood
seagal
seagram
seahawk
seamanshi
seami
sean
seana
seanc
sear
search
searchabl
search-fo
searchlig
seascap
seasid
season
season-en
season-op
seat
seatbelt
seattl
seaworthi
sebac

sebastian

second
second-ac
secondari
second-ha
secondhan
second-hi
second-la
second-mo
second-pl
second-ye
secret
secretari
secretli
sect
section
sector
secur
sedan
sedona
see

seed

seek
seeker
seem

seen
segment
segreg-er
segu
segura
seidel
seidemann
seinfeld
seiz
seizur
seldom
select
selenium

self

self-cong
self-este
self-made
self-proc
self-regu
self-reli
self-repo
sell
selleck
seller
sellout
selznick
semest
semicondu
semifin
seminar
semi-reta
semi-reti
semler
sen

senat
send
sendup
sengupta
Senior
sens
sensat
sensibl
sensit
sensori
sens-perc
sentenc
seoul
separ
separatis
sepsi
sept

septemb

sequel
sequel/pr
sequenc
sequin
serafini
serbian
sergeant
Sergio
serl
serial
seriou
serious
Sero
seroconve
serotonin
serpent
serv
server
servic
servic-pr
session
set
setback
settl
settlemen
set-top
seuss
sever
sevigni
sex

sexi
sexual
seydoux
seymour
sgl

sgt
shacklefo

shadow



shahravan
shake
shakespea
shakeup
shaki
shakur
shalhoub
shalom
sham
shaman
shampoo
shanahan
shandong
shane
shanghai
shannen
shape
shapiro
share
shareen
sharehold
shark
sharman
sharon
sharp
sharpli
sharp-ton
shaun
shave
shaver
shaw
shawn
shawne
shear
sheba
sheehan
sheelah

sheep

sheer
sheet
sheffield
sheila
shelbi
shelburn
sheldon
shell
shelter
shelton
shelv
shepard
shepherd
sheppard
sherak
sheridan
sherniff
sheryl
shi
shield
shift
shindl
shine
ship
shipment
shipper
shipwreck
shirlei
shirt
shoah
shochiku
shock
shocker
shoenberg
shoot
shop
shore

shortag

short-att
shorter
shortli
short-liv
short-ter
short-tim
shot
shoulder
show
showbiz
showcas
show-clos
showdown
shower
showtim
shrine
shrink
shriver
shu
shuai
shue
shuffl
shutout
shuttl
shy
shyamalan
sib
sibeliu
sibl
sichuan
sick
sickl

sid

side
sidelin
sidewalk
sidnei

siegfri

sigarm
sight
sign
signatur
signific
significa
silenc
silent
silicon
silk

silva
silver
silverman
similar
simmon
simon
simoom
simpleton
simplic
simplifi
simpson
simul
simulcast
simultan
sinatra
sincerest
sinclair
sing
singapor
singer
singer-so
singh
singl
sinis

sink

sip

sir

siren

sister
sisterhoo
sit
sitcom
site
situat
six-membe
size
skate
skelton
skew
skg

ski

skid
skill
skin
skinner
skinni
skin-to-s
skip
skirt
skull
sky
skynet
skyscrap
slab
slack
slacker
slain
slam
slam-dunk
slash
slate
slater
slave
slavic
slavin

sleep

148

sleepi
sleepless
sleeveles
slept

slick

slide
slight

slip
slogan
slot
slovenia
slow
slower
slowli
sluggish
slum
slump
small
small-cap
smaller
smallpox
small-tow
smart
smartcard
smarter
smash
smell
smelt
smile
smilei
smith
smithe
smith-hem
smithsoni
smog
smog-ridd
smoke

smoke-fre



smoker
smokin
smoother
smoothli
smuggl
smuggler
snag
snake
snap
snare
snider
snippet
snivel
snob
snoop
snow
snowboard
snub
soap
soapi
soar

sobi
soccer
social
societi
sociologi
socko
sodomi
soft
softer
soft-thro
softwar
soho
soil

sold
soldier
sold-out

sole

solemn
solicit
solid

solo
soloist
solomon
solti

solut

solv
somali
somber
s0moza
son
sondheim
song
songstres
songwrit
soni

sonni
sonoran
sophist
sophomor
soprano
sore
SOITow
sort
sorvino
sosa
sought
soul
soul-sear
sound
soundbit
soundchec
soundmak
sound-onl
soundscan

soundtrac

sour
sourc
south
southeast
southern
southpaw
southwest
southwick
sovereign
soviet
soyinka
spa

space
spacei
spaciou
spain
span
spanek
spaniard
spanish
spanish-]
spar
sparc
spare
spark
sparkasse
sparkl
spastic
spawn
spe

speak
speaker
spear
spearhead
spec
specl
special

special-e

specialti
specif
spectacul
spectrum
specul
speculosc
speech
speed
spell
spenc
spencer
spend
spender
spent
sperm
sperm-bor
spice
spici
spider
spiderman
spielberg
spike
spin
spina
spinal
spine
spinner
spinoff
spin-off
spirit
spirlea
spit
splash
split
spoke
spoken
spokesman

spokesper

spokeswom
spongifor
sponsor
sponsorsh
spontan
spoof
sport
sport/uti
sport-ori
sportscas
sportswri
sportszon
spot
spotlight
spotmedia
spous
sprai
sprain
spread
sprightli
spring
springboa
springfie
sprinkl
spur
spurt
squabbl
squad
squall
squar
squar-dan
squeez
squirrel
sri

st

stab
stabil

stabl

stacel
staci
stack
stadium
staff
staffer
stage
stagnant
stagnat
stahl

stai

stain
stake
stalei-lo
stalk
stalker
stall
stallon
stalwart
stamford
stamp
stamped
stan
stanc
stand
standard
standard-
stand-in
standout
stand-up
stanford
stanlei
staph
staphyloc
stapl
stapleton
star

stardom

149



stare
stargat
stark
starr
starrer
star-stud
start
startac
starter
startl
startlink
startup
stat

state
statement
staten
state-of-
state-run
statesman
station
statist
statu
statuett
statut
staunch
stayer
std
steadi
steadili
steal
steam
stecalov
steckler
steeb
steel
steeler
steen

steep

steepest
steer
steffi
steiger
stella
stellar
stent

step
stepdaugh
stepfath
stephan
stephen
stepson
stereotyp
steril
stern
sterngold
stethosco
steve
steven
stewart
stewart-t
stieger
stiffen
stifl
stigma
stiller
stillman
stimul
sting
stink
stinki
stint

stir

stock
stockard
stocker

stockwel

stole
stolen
stoltz
stone
stoop
stop
store
stori
stori-vis
storm
stormi
storylin
stp
straight
strain
strait
strand
strandber
strang
strang-be
stranger
strap
strateg
strategi
strategis
stratocas
strauss
straw
streak
stream
streep
street
streisand
strength
strengthe
stress
stress-re

stretch

strict
strident
strike
string
strip
strip-dow
strive
stroe
stroke
stroll
strom
strong
strong;
stronger
strongest
strongli
struck
structur
struggl
strut
stuart
stub
stubborn
stuck
student
studi
studio
stuf
stuff
stuffi
stumbl
stump
stupid
sturm
stutter
style
stylist
stylu

su
suav
subcommit
subcontra
subject
subkoff
sublim
sub-noteb
subordin
subpoena
subscrib
subscript
subsequ
subsidiar
subspecia
substanc
substanti
substitut
subtl
subtleti
subtyp
suburb
suburban
succe
succeed
success
successor
suck
sucker
sue
suffer
suffici
suffolk
sugar
suggest
suicid
suit

suitcas

150

sullivan
sum
summer
summit
sun

sunda
sundai
sundai-ni
sundanc
sunglass
sunlight
sun-senti
sunset
suo-helm
super
super-abi
superb
superbl
supergrou
superhigh
superior
superman
supermark
supermode
supernatu
superspee
superstar
superstor
supervis
Superviso
supplemen
suppli
supplier
support
suppos
suppress
suppresso

suprem



sure-fire
surf
surfac
surfer
surg
surgeon
surgeri
surgic
surpass
surplu
surpris
surround
survei
surveil
surviv
Survivor
susan
suscept
suspect
suspend
suspens
suspicion
sustain
sutherlan
sutton
suzann
swaffer
swain
swallow
swamp
swan
swanson
swap
swarm
swashbuck
sweat
sweathog

swede

swedish
sweenel
sweep
sweepstak
sweet
sweethear
sweetwat
swell
swept
swicord
swim
swimmer
swimsuit
swindl
swindler
swing
SWiss
switch
switzerla
swoon
SW00sI
sword
sydnei
syke
syllabl
sylvest
symbol
SYImcox
sympathet
symphoni
symposium
symptom
syndi
syndic
syndrom
synergi
synergist

syphili

syphili-i
syracus
system
systemwid
szabo
szell
szulc
szymborsk
tab
tableaux
tablet
tabloid
tackl
taco
tactic
tactil

tag

tagor
tailor
taiwan
talwanes
taka

take
taken
takeoff
takeov
takeshi
tale
talent
talk
talker
talkin
talladega
tamagotch
tamahori
tamara
tame

tami

tampa
tampopo
tan

tang
tanglewoo
tango
tank
tanker
tanna
tanner
tantamoun
tantrum
tao

tap

tape
tapeworm
tar

tara
tarak
tarantino
targan
target
tars
tartar
tartikoff
taskforc
tast
tast-perc
tattoo
taught
taupin
tauru
tavern
tax
tax-free
taxi
taxman

taylor

tb

tci

tea
teacher
teahous
team
teammat
teamster
tear
teaser
tech
technic
technicia
technicol
techniqu
techno
technolog
ted

teddi
teem

teen
teenag
teen-ag
teenybopp
teeth
teheran
telco
telecast
telecom
tele-comm
telecommu
teleconfe
telefilm
telefood
telegraph
telekom
telephon

telephoni

151

telethon
teletubbi
televis
telewest
tell
tellurid
tempera
temperatu
templ
tempt
temptat
tenant
tendenc
tendon
teng
tenn
tennant
tennesse
tenni
tenor
tension
tent
tenth
tenur
teresa
term
termin
term-pape
terrain
terrestri
terri
terribl
territori
terror
terrorist
test
testicl

testicula



testifi
testimoni
testoster
tetsu
tewksburi
texa
tex-mex
text
textend
textil
textur

tfl

thai
thailand
thalidomi
thame
thanksgiv
thapsigar

theater
theatr
theatric
theft
theirs
themat
theme
then-head
then-owne
then-pres
theori
therapi
therapist
thereaft
theresa
thermo

theron

thesp
thewli
thick
thick-fil
thierri
thiev
thigh

thin

thing
think
third
third-hig
third-lar
third-par
third-qua
third-rou
thom
thoma
thoma-ani
thompson
thomson
thorn-smi
thornton
thorough
thoroughl
thousand
thrashi
threat
threaten
three-goa
thrift
thrill
thriller
thrive
throat
throat-sl
thrombosi

throw

thrown
thrust
thun
thunderbi
thunderbo
thurman
thurmond
thursdai
thwart

ti

tiara

tibet
tibetan
ticket
ticketmas
ticotin
tide

tie
tiebreak
tie-in

tier

tiger
tight
tighten
tighter
tightli

tile

till

tilt

tim
timberlan
time
timecop
timeslot
timmi
timpani
tin

tina

tingstad
tip
tiptop
tirad
tire
tisha
tissu
titan
titl

tito

tm

tmm
tnn

tnt
tobacco
todai
toddler
toho
tohoku
toi

toil
toilet
tokuma
tokyo
toll
tolochena
tom
tomei
tomita
tomkin
tomlin
tommi
tone
toner
tongu
toni
tonight

t-onlin

tool

tooth
toothbrus
toothless
toothpast
top

top-10
topaz
top-level
topograph
top-rate
top-sell
torch

torn
tornado
toronto
toronto-c
tortur
toshiba
total
totalitar
toti

touch
touchback
touchdown
touchston
tough
toughen
tougher
tour
tourism
tourist
tournamen
tournei
tout

towel
tower

town

152

townsend
townsfolk
townspeop
toxic
toymak
toyota

tp

trace
tracei
tracinda
track
tract
tractor
trade
trademark
trader
tradit
tradition
traffic
tragedi
tragic
trail
trailer
train
trainer
trait
traitor
trak

tran
transact
transcrip
transfer
transfus
transit
translat
transmiss
transmitt

transpar



transplan
transport
trauma
travail
travel
travers
travolta
treach
treacher
treasur
treat
treati
treati-re
treatment
tree

trei

trek
tremend
tremor
trend
trendi
trepid
tress
trevino
tri

trial
tribal
tribe
tribul
tribut
trick
tricki
tricycl
trie
trigger
triglycer
trillion
trilogi

trimark
trimest
trinidad-
trio

trip
trippleho
trisha
tristar
triton
triumph
triumphan
trivial
troi
troop
trooper
trophi
trotman
troubl
troubl-sh
troup
truck
trucker
true
true-life
truman
trumpet
trust
trustbust
truste

truth

try
trypsin
tsamcho
t-shirt
tsumura
tub
tubal

tuberculo

tucci
tuck
tucker
tuckett
tucson
tumbl
tummler
tumor
tune
tuner
tunja
tunnel
tunnel
tur
turbul
turek
turkei
turku
turmoil
turn
turner
turntabl
turquois
turtl
turturro
tuskege
tuss!
tutelag
tuzla

tv

tv2

tv3

tvn
tv-scandi
twa
tweak
twentysom

twice

twin
twin-engi
twist

two
two-drug
two-paren
two-run
two-stori
two-third
two-time
ty

tycoon
tyler
tymchyshy
type
type-a
typewrit
typic
tyson
tyson-eva
tyson-hol
uk.

u.n.

u.s

u.S.

u.s.a.

u2

uaw
uaw-gm
uchima
ucla

udal

uhri

uk

ukrain
ullman
ultim

ultimatum

ultrasoun
ultraspar
ultraviol
uma
umax
ummer
unaccept
unacquir
unadjust
unaffect
unalt
unanim
unappet
unattract
unauthor
unbeaten
unbleach
unblink
unbound
unc
uncensor
uncertain
unclaim
unclear
uncoat
unconsci
uncov
und
undeni
underag
under-dia
underdog
underesti
undergo
undergon
undergrou
undermin

undersid

153

underst
understan
understat
undertr
underw
underwai
underweig
underwood
underworl
undevelop
undisclos
undon
undress
uneduc
unemploi
unemploy
unfair
unfairli
unfamilia
unfocus
unforesee
unfortun
unfractio
unfunni
unhappi
unhealthi
unheard
uni

unifi
uniform
uninteres
union
unionist
uniqu

unit
univers
unix

unknown



unlaw
unleash
unlik
unload
unmark
unnecessa
unnerv
unopen
unpaid
unparal
unprofit
unpromis
unprotect
unreleas
unresolv
unsatisfa
unseat
unsmart
unsolicit
unspecifi
unspool
unsur
unsustain
untitl
unusu
unveil
unw
unwant
unwieldi
up

up!
up-and-co
upbeat
upbring
upcom
updat
uperman

upernatur

upfront
upgrad
upheld
uphold
upi
upn
upper
uproar
upset
upsw
uptick
ur
urban
urbona
ureter
ureterosc
urg

uri
uria
urin
urinari
urquhart
us

usa
user
usoc
uss
usual
uta
utah
uteru
utian
util
utterli
u-turn
uunet
uup

uzdelewic

vacat
vacation
vaccin
vagin
vagu
vain
vajna

val
valdez
valdina
vale
valedicto
valenti
valentin
valentino
valet

vall
vallegran
vallei
valour
valu
valuabl
valu-clar
vampir
van
vancomyci
vancouv
vandal
vandamm
vander
vanessa
vanish
vann
vanska
var
varanu
varga

varl

variant
variat
varieti
vascular
vast
vatican
vaudevil
vaughn
v-chip
vega
veget
vegetaria
vehement
vehicl
vein
veinott
velodrom
velvet
venardo
vendor
venic
venou
ventur
venu
verdi
verdict
vere
verifi
verio
verit
vermont
verona
vers
versa
versac
version
vertebra

verv

vespucio
vessel
veteran
veto
veysset
vhl
viabil
viabl
viachesla
viacom
viasat
vibe
vibrant
vibrio
vice
vice-chai
vicent
vice-pres
viciou
victim
victor
victori
victoria
vid

video
videodisc
videotap
videotron
vienna
viennes
vietnam
view
viewer
viewershi
vigor
villafran
villag

villain

154

villella
villeneuv
vilniu
vinc
vincent
vineyard
vintag
vintner
violat
violenc
violenc-g
violent
violin
violinist
viral
virgin
virginia
virtual
virtual-p
virtuoso
viru
virul
virus
visa
vishwa
visibl
vision
visit
visitor
visual
viswanath
vita

vital
vitamin
vittorio
vivian
vivica

vividli



vivienn
vixenish
vladimir
vlsi

vnu
vocal
vocalist
voe
vogel
vogu
voic
voiceov
voic-reco
void
volatil
volcan
volcano
volic
vollhardt
volunt
voluntari
volusia
vomit
von
vonnegut
vornado
vote
voucher
VoW
voyag
v-roi

vsd
vulgar
vy

w

wabc
wachowski

wacki

waco
waddl
wade
waga
wage
wagner
wahlberg
wal

wail
waistcoat
wait
waiter
wake
wakeham
waldman
waldo
waldorf
wale
walk
walker
walk-per-
wall
wallac
wallet
wal-mart
walston
walt
walter
walton
wang
wangchuk
wanna
wannab
want

war

ward
wareh

warehous

warfar
warm
warmer
warn
warner
warplan
warsaw
wartim
wash
washingto
wash-up
wasim
wasserman
wast
watanab
watch
watchdog
watcher
water
watercraf
waterfron
waterg
waterhors
water-ski
waterston
waterwai
watt
wave
wavephor
wax
wayan
wayland
wayn
waynesvil
wb

wba

we

weak

weaken
weaker
wealth
wealthi
wealthies
weapon
wear
wearer
weari
weather
weatherca
weaver
web

web;
web-base
webber
websit
webster
webtv
wed
wedgewort
week
weekdai
weekend
weekli
weeklong
weep
wegman
weigh
weight
weightlif
weiland
weinberg
weinert
weinrich
weinstein
weintraub

weird

weiss
welssman
WEISZ
weitz
welzman
welch
welcom
welfar
well
wellcom
well-kept
well-oil
welshman
welt
wemba
wemblei
wendel
wender
wendi
wendt
wept
werb
weslei
wesson
west
westaim
westchest
western
westgat
westin
westingho
westminst
weston
westwood
weyman
wga
wgnx

whaler

155

wharton
whatev
wheel
wheeler
wheeler-d
whelan
wherebi
wherev
whiblei
whiskei
whiski
whisper
whit
whitak
white
whitewash
whitewat
whitfield
whitford
whitnei
whittak
who
whoever
wholesal
whoopi
whowher
wi

widen
wider
wide-rang
widesprea
widow
wiener
wiest
wife
wigan
wild

wilder



wildli
wildlif
wile
wilhoit
wilk

will
willem
willi
william
willing
willock
wilmingto
wilson
wim

win
winchel
wind
windfal
windolf
window
window/ma
window95
windshiel
windsor
wine
winemak
winfrei
wing
wink
winkler
winkless
winless
winner
winner-ta
winni
winninges
winston

winter

winterbot
winwood
wipo
wire
wireless
wisconsin
wisdom
wise
wishmast
wislawa
wisot

wit
witcheraf
withdraw
withdrawn
withdrew
witherspo
withstand
witti
wive
wizard
Wjro
wmyp
wnba
woefulli
woessner
wole
wolf
wolfgang
wolv
woman
women
won
wonder
wong
)
wood

woodard

woodfolk
woodi
woodstock
woolf
woosnam
word
word-of-m
wore

work
workdai
worker
workplac
world
world-cla
worldcom
worldcom-
world-fam
worldmark
worldmus
worldnet
worldwid
wormwood
worn

WOTrTL
worship
wort

worth
worthi
wozniak
WpIX

wrai

wrap
wrapper
wrather
wreak
wreck
wrestl

wretch

wright
wrist
write
writedown
write-in
writer
writer/di
writer-di
writer-in
written
win
wrong
wrongdo
wsj

wsp

wto
wurtz
wvue
ww2
wyle
wyli
wyom
x-bear
x-chromos
xena
xXenia
XErox
xerox-bra
x-file
Xiao
X-lnactiv
x-link
x-rai
X-sperm
yacht
yahoo
yahoo!

yakker

yakusho
yakuza
yanc
yanke
yanko
yannick
yaphet
yard
yardag
yarn
yassin
y-bear
y-chromos
ye

yeah
year
year-end
yearli
yearlong
yeamn
yeast
yell
yellow
yeltsin
yesteryea
yiddish
yield
yimou
ying
yitzhak
yoga
yoko
yonker
york
york-base
yorker
yorn

young

156

younger
youngest
youngster
youngwort
youssou
youth
yuan
yugoslav
yuko
yuliet
yura

yuri

zach
zack
zahn
zaid
zaillian
zakiya
zapamivir
zanuck
zargaran
zealand
zealou
zeisz
zeitgeist
zellweg
zen

zenz
ZET0
zhang
zhejiang
ziegler
ZIenowicz
ziff

ziggi
zippel
zmg

Zone



157

zoom zuckerman zuniga zurinaga

ZoITo zunder zurich zylka

a > M o o w Al Y = ¥ ' a g a
'ﬂﬂa-ninﬂQ"ﬂﬂﬂﬂﬂ1ﬁ]ﬂfyﬂ1ﬂiﬂﬂn]3ﬁUUE’JﬂQTﬂ?Qﬂ1Uﬂizﬁ1ﬂL“Uu11UU1“ﬂ‘BU

a o o < ; Aad 3 Ao
wa Iaosnuiin Fudengansnaassiangavesyadoyaniag Aeyadoya CSTR Him

s o

Mdny 1,555 A1 gAT03a Reuters-Top10 Himumd Ay 5,085 i1 nazyadoya K-dataset

s

UIUMTINY 9,614 A

=}



158

MANUIN A

) kY v a d

a @i c.'; d Vs A A
NAITHIVENINE IV U%ﬂﬂ]ﬂﬂﬂﬁ!&ﬂ%ﬂﬂ‘iﬂﬂﬁﬂﬂﬂw

I. Worapoj Kreesuradej and Puangpaka Kunasit, “Text Processing Simplified ARTMAP Neural
Network,” WSEAS Transactions on Information Science and Applications, Issue 2, Volume 2,
Austria, February, 2005, pp.116-120.

2. WHHM ARNANT naz 25N nIgsziay, “mssuunlsznnenas Taol¥lasave
Uszamihouuuumnguma Iaorsnusin (Text Categorization using a Text Simplified
ARTMAP Neural Network),” Data Mining : Proceeding of the National Computer Science and
Engineering Conference (NCSEC 2005), Bangkok, October, 2005.



159

WSEAS TRANSACTIONS
on INFORMATION SCIENCE

and APPLICATIONS

Issue 2, Volume 2, February 2005
ISSN  1790-0832 htto://Www.wseas.org

“'SEA’”

A Proposed Multiagent System Utilizing Swarm Intelligence for Collective Learning and Cooperation

in a Networked Environment 65
Gregory Julock
e-banking Prediction using Data Mining Methods 71

Vasiis Aggelis, Panagiotis Anagnostou

Feature Selection Algorithms in Classification Problems: An Experimental Evaluation 77
Michael Doumpos. Athina Salappa

Improving the Knowledge Performance Using "Ternary Grid” Knowledge Acquisition and Model 83
Yuliadi Erdani, Acel Hunger, Stefan Wemner

A Method of Small Data Set Learning for Early Knowledge Acquisition 89
Fengming Michael Chang Ming-Ynan Chiu

Hybrid Expert System 95
Vaclav Jrsik, Petr Honzik

An Efficient Feature Selection using Multi-Criteria in Text Categorization for Naive Bayes Classifier 98
Son Doan, Susumu Heriguchi

Learning from Noise Data with the Help of Logic Programming Systems 104
Elena Bauer, Gabriella Kokat

Approximate Reasoning in Structural Funds Knowledge Management Systemn 110
Tadeusz A. Grzeszezyk

Text Processing Simplified ARTMAP Neural Network 116
Worapoj Kreesuradej, Puangpaka Kunasit

ANFIS Networks Design using Hybrid Genetic and SVD Methods for Modelling of the Level Variations
of the Caspian Sea 121

A. Mehrdad, N. Nariman-zadeh, A. Jamali, A Texmoorzadeh

A Fuzzy Extension in ALC Description Logics 127
V. Tzouvaras, P. Zoitos. G. Stamou

A Review of Different Approaches for Measuring Knowledge Value in Organizations 1532

wran Faiehi, Adbes Afrazel:



160

Toward a Multi-Tier Index for Information Retrieval System 251
Emad S. Elabd, Ahmed 7. Emam, Nabil A. Ismail, Fawzy A. Torkey

A solution for displaying medical data models on mobile devices 258
Fabnzio Lamberti, Andrea Sanna

Optimized Multiple Wavetable [nterpolation 265
Jorathan Molr and Xiaobo Li

Hiding Information in Side-Match VQ Compressed Images 274
Shinfeng D. Lin, Shili-Chieh Shie, Chil-Ming Fang

White Noise Reduction of Audio Signal using Wavelets Transform with Modified Universal Threshold 279
Matko Saric, Luki Bilicic, Hrvoje Dujmic

il

SSN 1796-8832

L



161

116 WSEAS TRANS. ON INFORMATION SCIENCE & APPLICATIONS _issue 2, Vohume 2, February 2005 ISSN- 1790-0832

Text Processing Simplified ARTMAP Neural Network

WORAPOJ KREESURADEJ and PUANGPAKA KUNASIT
Faculty of Information Technology
King Mongkut’s Institute of Technology Ladkrabang
Ladkrabang, Bangkok 10520
THAILAND
worapoj@it kmitl.ac.th and s5066009@kmitl.ac.th

Abstract: - This paper proposes text processing simplified ARTMAP ncural network. The algorithm works
directly on textual information without transforming to numerical value. The input layer of the neural network
can directly receive a qualitative value without mapping the qualitative value into numerical value. Then,
based on simplified fuzzy ARTMAP neural network and the concept of similarity measure for symbolic
objects, the proposed neural network can assigns class labels to the objects correctly.
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1 Introduction

Several classification techniques for objects whose
feature values are numerical values are well known.
Several neural petworks such as backpropagation
neural networks, ARTMAP, fuzzy ARTMAP and
simplified fuzzy ARTMAP neural network are
proposed  for - classification.  Recently, = the
classification problems are extends for document
classification. To classify a document by using
typical neural networks, a document has to be
mapped onto a document representation that has
quantitative features. The vector-space model 1s the
most widely-used document representation [1].
Then, the typical neural networks or classifiers can
be applied for classifying documents. However, the
utilization of the vector-space model may led to a
very high dimensional feature space. In addition,
this feature space is generally not free from
correlation. )

Unlike conventional classifiers, the proposed
algorithm works directly on textual information
without mapping documents onto some numeric
document representations. The proposed ncural
network, text processing simplified ARTMAP
ncural network, is based on the architecture of the
simplified fuzzy ARTMAP neural network and the
concepts of symbolic objects similarity measure
[2],[3] and [4). The experimental results show that
the text processing simplified ARTMAP reural
network can assigns class labels to documents
correcily. This paper is introduced as following. In
the 2™ section. we present similarity measure for
symbolic objects. In the 3" and 4" section, the text
processing simplified ARTMAP neural network is

introduced. In the 5 section, we present the
concepts of document representation. In the 6"
section, experimental results are presented. Finally,
the 7™ section is conclusions.

2 Similarity Measure

Accerding to K.C. Gowda [3], the definition of
similarity between two symbolic objects A and B
are written as Cartesian product of 4, and B,

features as:
A=A,"'Az’"..“'A,, (N
B:BI*BZ*...'B‘,. (2)

The similarity between two symbolic objects A
and B 15 written as:

S(A,B) = S(4:8,) + S(45.8,) + ...+ 5(4,.8,)- (3)

For the & feature, S(A4,,B,) is defined using the

following three components:

1. the similarity component due to position 1s
S,(4i.By)s

2. the similarity component due to span is
S.(4:,By),

3. the similarity component due to content is
Sc(AlIBk)‘

The similarity component due to “position” arises
only when the feature type is quantitative. It
indicates the relative position of two feature values
on real line. Since this paper is only dealing with
text data, the similarity component due to position is
neglected. The similarity component duc to span
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indicates the relative sizes of the feature values
without referring to common part between them.
The similarity component due to content is a
measure of common parts between two feature
values [3],[4] and [5).

The similarity component due to span is defined as:

1, +1
5,(4,.8,)= L0, @
21,
and the similarity component due to content defined
as:
inters
Sr:(Al-!Bk)= I » (5)

L

where
[, =length of A, or number of elements in 4,

I, = length of B, or number of elements in B,

inters = length of the intersection of 4, and B,,
. = span length of 4, and B, or number of
elements in A4, W B, .

Therefore, the net similarity between 4, and B, is

S(Ath4)=S:(A&:Bn)"'sg("'uﬂg)- (6)

3 The Text Processing Simplified
ARTMAP Neural Network

The proposed neural network consists of three
layers: input layer (F}), output layer (F,) and
category layer ( F). Each neural node in the F,
layer is connected to each neural node in the F,
layer by two weighted pathways. The F, neural
node, i.e., X, is connected to F, neural node by
bottom-up weights, b, . Similarly, the -F, neural
node, i.e., ¥ ,» is connected to the [, neural node by
top-down weights, £ . The F, layer is conrected to

Some neural nodes in the F| layer if a category is
associated with the winning output node. Unlike
conventional neural networks, the F, layer can
receive qualitative values. The bottom-up weight,
b; and top-down weight, [, contain qualitative

values and degrees of association of the qualitative
values is defined as [5];

By =y ) (Ao 83 ) (A8 )k A g ie) } (D)

A,; 1s the P qualitative value of the weight and

e . is the degree of association of this qualitative

Pif
value to the weight. The value of e, has values
=0,if
A, is not a part of the weight. While e, equals to

between 0 to 1. e, equals to zero, Le., €,y

one, ie, e, =1, if the qualitative value has strong
association with the weight.

'ﬂ =kguueu;):(Bzﬁnezﬁ):('a)_ﬂae‘j,:)a"'v(B,,:.'re".') } (8)
B, is the p" qualitative value of the weight and
e, is the degree of association of this qualitative
value to the weight. The value of e, is between 0
tol e, equals to zero, i.e., e,; =0,if Bp;.f is not
a part of the weight. While € i equals to one, i.e,
Fa "

association with the weight. The architecture of the
proposed neural networks is shown in figure 1.

1, if the qualitative value has strong

CATEGORY mPUT

MATCH
TRACIWG

RAW INPUT PATTERN

Fig. 1 The architecture of text processing simplified
ARTMAP neural network

4 Learning Algorithm

The leaming algorithm of The text processing
simplified ARTMAP neural network algorithm is
based on that of the simplified Fuzzy ARTMAP
neural network and the concept of symbelic objects
similarity measure as described in the prior section.
The algorithm is summarized as below:



163

118 WSEAS TRANS, ON INFORMATION SCIENCE & APPLICATIONS _lssue 2. Volume 2, February 2005 ISSN: 1790-0832

0 Step: Set parameters values.
1* Step: While stopping condition is false, do the
2" 14" step.
2" Step: For each input vector.
X =(X,,X,,.,X,),dothe 3 -13" step. (9)

3™ Step: Present the input pattern to the F] layer
and present the category input to the F)
layer simultaneously.

4™ Step: If output node = 0, then
-Create an output node on the F), layer to
encode this training pattern.
-Initialize bottom-up weights, b, and top-
down weights, ¢, by choosing from the
training data set arbitrarily and setting
degrees for each element of the weight.
-Set the category of the new output node to
that of the input pattern.
-Update the bottom-up weight and the top-
down weight, do the 13% step.

5™ Step: If output node = 0, do the 6™ -13™ step.

6™ Step: Set the vigilance to the baseline vigilance.

7" Step: Evaluate the activation function between
X and bottom-up weight for all cutput
nodes.

= (SO I SB,.6,) (10)

=l =t
where d is number of feature values.

8 Step: Select the /™ highest activated output node.
Y, =max{Y,: j=L.n}. (1)

9t Step: Evaluate the match function between
X, and the top-down weight thiat connects
to the winning output node, i.e., J.

V= (3 S b)Y SX, X)) (12)

i=] =l

where d is number of feature values.

10" Step: Test mismatch reset

V2p. (13)

-If ¥ < p, suppress activation of the
current winning output node, i.e., J, do
the 8% step until ¥ = p.
AIf ¥ = p, do the 11™ step.

11" Step: Test category mismatch between the
network category and the category input.
-If the network category and the category
input are the same category, do the 13"
step.

-If the network category and the category
input are not the same category, set
vigilance to the match value of the
winning output node plus a small value.
Then, suppress activation of the current
winning output node J and do the 8*-11%
step.

12® Step: If all output nodes can not match the
category input, then
-Create an output node on the F, layer to
encode this training pattern and
-Initialize bottom-up weights, b; and top-

down weights, ¢ T

13" Step: Update the winner bottom-up weights and
top-down weights as following:

bu(.M :butﬂm TP

(fe ™+ if \ 4,eb,nX ,
R ™ K=l \A b, NX
B, otherwise (14)
IJ?(M“, =IJ(°"4 LN
el Binl S B aknrx .
eu.'hm =3 f(em‘w.a -B) if B, et,nX ,
g2 otherwise (15
where f(.) is defined as below:
%Y N < x <9
I xP=%8[ if“¥ X <0 (16)
i x2T

14™ Step: Continue with the 2" -14™ step until the
stopping condition is true.

5 Document Representation
A document, i.e., D, can be written as Cartesian
product of specific values of its features D, 's as
(6):

D=D*D,*..*D,, 17

Unlike a vector-space model, the features have
qualitative values which are a set of words that
describe the features. As an example, a document
can be written as Cartesian product of Title feature
and Keyword feature as:

Doc = Title* Keyword . (18)

Where the values of the Title feature are a set of
words that descnibe the title of the document and the
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values of the Keyword feature are a set of keywords
of the document.

6 Experimental Results

In this section, the experiment results of the text
processing simplified ARTMAP neural network is
presented. We wuse a training dataset of 200
documents that consist of 3 class. Each document in
the training dataset can be represented by title
feature and keyword feature according to equation
18).

: Each feature of a document is qualitative value.
Here, Some English alphabets are used to represent
value of each feature. The values of title feature and
the value of keyword feature for each class are
shown in figure 2 and figure 3 respectively.

Class £]

Clasy 22 Clasy 2

Fig. 2 Venn Diagram of Title feature

. Class £1

Class 82 Class £3

Fig. 3 Venn Diagram of Keyword feature

Some documents of the training dataset are
shown in table |.

Table 1 Some documents of the training dataset

No. Data Values Category [nput
Titles Keywords
1 l,n,0.p m,n,g,rt 2
2 adef cfgh 1
3 k.m,n m.rs.t 2
4 opuw q.y.2 3
5 VWX LWX,Y2Z 3
6 bed ghij 1

The training data consist of 67 documents from the
class number 1, 66 documents from the class
number 2 and 67 documents from the class number
3.

Then, we use 5 testing datasets of 1000
documents, as shown in table 2, to evaluate the
performance of the proposed neural network.

Table 2 The testing dataset

Dataset Members
No. Class | Class 2 Class 3
1 330 336 334
2 328 338 334
3 332 333 335
4 332 336 332
3 330 332 338

The evaluate measurement of the proposed neural
network 1s the accuracy rate (r) defined as:

[3
r=[(>_doc,}/n]*100, (19)

i=1

where ¢ is a number of data that are the same class,
n is a number of all data.
The results from table 3 show 100% accuracy

rate for all data set. The expenimental results show
good performance of the proposed neural network.

Table 3 The experimental results

Dana Members Exp ital Resuit Accuracy
Set | Class | Class [ Class | Clase | Class | Class Rate
No. 1 2 2 1 2 3
1 330 | 336 334 330 336 | 334 100%
2 328 138 334 328 338 | 334 100%
3 332 333 335 332 313 335 100%
4 332 336 312 352 336 | 332 100%
5 330 | 332 338 330 332 338 100%

7 Conclusion

In this paper, we applied the proposed neural
network for text classification. The text processing
simplified ARTMAP neural network can receive
qualitative value directly without transformation.
According to the experimental results, the proposed
necural network has good performance in classifying
documents. In the future, we will conduct some
experimentations on the Reuter-21578 news article

(7).
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Abstract

This paper preposes lext cafegorization using lext
simplified  ARTMAP  newral = network.  Unlike
conventional ARTMAP which use numerical valies
as inputs, this neural network works directly on
lextual information without mapping onto some
representations which have gualitative value into
Mmumerical valie. The proposed neural network is
based on simplified fuz=v ARTMAP neural network
and the concept of similarity measure Jor symbolic

vbjects.  The proposed _neural nerwork  had
salisfactory. performance in categorizing text data.
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