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2.4.1 Bayesian
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2.4.2 Naive Bayesian Classification
WiNsAkeAn3ng A = a1 M a2 .. M aM AAntuly Training Data 9199881
tosinavseliilyuuvuvesuonvsdiduuuiifinduae awiuddelindnnisiiudazuens

(- [

Tnddudasesofuilansandeuaunis PO 1y
P(A|IC) = P(a1|C) x P(a2|C) x ... P(av|C)

a9 A Ao Laan3U26 (Attribute) wag C A A1Aana (Class)

2.5  K-Nearest Neighbors (K-NN)

N9L38udUUY K-Nearest Neighbor (K-NN) {utunewisiildlunisdangudoya lae

Y
L% I ° a

v Y al v @) 1 al o = a ¥ w 1 P
nmsindeyaneglnanililunguiednuiunaliaiagvilidndulalain eardluufiosuny
A ~ 1 X% ° v A v A a
Reulvsonsallvd ¢ Lot lnensasiageuiniu K Fshwmndeulvvesnisinduladaig
v v anA 1Y A a a a 1% V& aa ~ v va v
vdeu Ilaunsnadlueaniisz@nsamla wituneuisnisiioudulndngaazld

° A v ~ o v ' | v A v o W
sseznalunsAuinuuilieteyadinududeu ety doyaniw wiedeyauuudidu
Dudu

° ~ 5 anl A 4 Al 9/5 3 1 1
nmsimaiavestunewismaiioutulnadnan ity Wunismszesiieszning

winzwonvsUaludoua nduiduinaIeani Festavimingdwiudeyauuudiay us

a A <Al 1 [ ~ s’uj o v ! % a - tg
LL@G]W‘EU’NWIL“T]UF’WLLUUVLJJG]@LU@QUUﬁﬂ'lmiﬂVl']lﬂ LﬁﬁﬂLL(‘lﬁ@ﬂﬂWiﬂ?iﬁ]ﬂﬂ’ﬁLL‘U'UWLF"]‘HL‘WSJ'SUU
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ADINUUADIIIS UNITIINANTLULUNVD

&

woavsTiavnAniauld Weanusarnuszerieseninaloulurdensdlang q 1a Jaden

q

ynveaoulrilddnaaranndugiudmiunisinaaaludoulalnl o udrdeedndulain

1oUAreRATInAsmIndutiy avslivwaluaiviils wazensiimssindulalimeinagiiu

& ¥
a s

Tnundinfedaednsls Instunewisnisieutulndiigalidunoulasasy dsil
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o MuuavuIAves K (esimualiduauh)
® fudmTEYEg (Distance) vosdoyanfoinisiarsandunguieyasioisg
® JnTeIERUYRITEYEVNY uaElioniansanyndeyanilnaaninenIsiaIsuInIy
o dl o v
F1uu K Anviual3
® fnsandeyadiuiu K ¥n wasdunaiinaulvuilndgaiiansandudiuiuunndias
° ' Yo aa - v a - o/ 1 v v al 1 Yo v
Mvuanguliiugafifinnsanilndyaiarsanuinige degrnsdadeyaiioglndiulndy

nauReINulagTs K-Nearest Neighbor WanifianIwil 2.6

Muil 2.6 Megnnmsindeyanegindiulidunduieiu

108735 K-Nearest Neighbor (K-NN)

2.6  Artificial Neural Networks (ANNs)

nmaSguiiuulaseinegysvainifiey (Artificial Neural Networks) 1ulsinanis
adlaAnans dmudsvananaansaumadionsimuuuideudeiio1asin1svinures
wIedneUsramluaueywd andanssulassaiweamsdeuiuuulassieusvamiiion

WARINININA 2.7



Hidden nodes layer

Input nodes layer

Input x1 = Output nodes layer
P > h
‘ ; , Output y1
Input x2
_’

Input x3
B
d b4 al v 1 al
ATNN 2.7 ﬁﬂ?fjﬁlﬂﬂiiﬂJIﬂNﬁ’iN‘UENﬂ’ﬁL‘SEJUELLUUIF’]N‘UWEJU?%?HV]L‘VIEJ:LI

lusiidetiaznd18atTos Neuron, Perceptron way Multilayer Perceptron 4

SYALLRYAILNANIDIUTTON 2.6.1 - 2.6.3

2.6.1 Neuron %3 faseufieduiiidniignves Neural Network Ssdsinnldan
nwil 2.7 Feimthfiduna Suwaiiiian Weldldaswseenly nsvuaunsihauees
fhseuiidrulsvnevddased

e Input Wiemiduduniidiseulnasiiuniidanldnarsn

o Weight \fumslidminvewusazaniidadun Tnefidnsening 0 - 1 dleBuduee
Hunsduduan mﬂﬁ?u&'aﬁ'asawﬁaﬁwmiﬁauﬁﬁaSJ q fagdfuaminlslddnen
flndiAeian

® Bias Aorrulindssiivzsiodhuvilienidweglusewin o - 116 Tnsasdu
wuguuazUFuluGey 9 naderiFous

® Output ABwaANS

® Back Propagation AansfidaseutiAAnufianataveue Winalafuie wine e
Felvugous ﬁwlﬁu%’umﬁmﬁfﬂLLasmﬂam‘[ﬁm%m’tﬁﬁmwaé’wéﬁgﬂﬁmmmﬁlﬁ

a v o N o A
Liﬂuglﬂ NIZUIUNTITNINTUVDIUITDULLEAIAIAINYT 2.8
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Weight 1
Input 1 :

Weight 2
Input 2

ANA 2.8 NSEUINNISVINIUT0ITITOU

2.6.2 Perceptron #3e iwesiwunsoulsynauisieaaUszamiioy Jsdunnaz

¥ 1 al'\l"u J

pndinsaludaeding lagrrugadidinin drardldannnisAiuant sinnindauua
(Threshold) fseuiaglidneinawiiy 1 dnleeninfeylian -1 eliieTeimualida
] ' 1

1 < g S v @ = a A g g P § v a ¢ a
LL‘U\‘iLUUﬂ’1'14!’1MUﬂG]’JWU\WJ@QQUV!G]ﬂLUUﬂ’]ﬂQ‘VI Iﬂﬂﬂs‘lﬂ‘ﬁ‘Uﬂ’]‘UﬂLL‘U Q%NQ@@USHGWQ@QW 0

NITUIUNTIIVNNIUTDY LW@%L%U@?@ULLﬁﬂ\TﬁQﬂ’]Wﬁ 2.9

ANT 2.9 NSEUIUNNSVININUID NS ITURTOU

2.6.3 Multilayer Perceptron %39 wesiaunsouluunaretulddinsunuid

muduteulagldnszuiunisiseuiuuuiifaounazldnsder doundu (Back Propagation)
dmiumsiseuinszuiunsasrgeundu Ussneumedesdiudesie nsdswiuludrand

(Forward Pass) Wagn1sassugaunay (Backward Pass) drusunisasiuludnam HGEE

1Y U
Y v

Audlaseguszamisantuteyad wavazdsihuandunislugdndunisaunseaiafs

U
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v v
o o

Fudoyaven drunmsdeindoundu Anhmiinnmsdouseszgnuiunasiliasnadesiung
mMsuiteRinwa1n (Error-Comrection) Zefifonasvesnanouiiuyiads (Actual Response) fu
nanouitlmune (Target Response) nansiiaviimdudayarafianatn (Error Signal) 3
”zymﬂmﬁmwamﬁ%gﬂéﬂéauﬂé’uL‘ﬁﬂ&ﬂﬂiﬂhaUssmwLﬁauluﬁﬂwwmqﬁ’u%mﬁ’umi
Fouso LLazﬁhﬁfmﬁfﬂmmmu%am{mzgﬂﬂ%’muﬂizﬁ"amaﬁauﬁLgﬁa}%u%ﬂﬂﬁwamau
Wvune andnenssulassaivesnisdeuilasaedsvamifiouuuuinesiwunsaunuy

NANWYULFAIAINING 2.10

Ourtput
> signal
(response]

Input First Second Ourput
laver kidden hidden layer
layer layer

A 2.10 anrdnenssulasiasiavesnisiseuslasatigussamiiiey

WUULWOSIUASOULUUMATY

2.7  Support Vector Machine (SVM)

n3LSeusiuY Support Vector Machine Wumaian1sisaugmeiesesing nfeuly

Qdd‘ o

Jueganninssdudupewidfaunsedundisuidymnmsiuwundeyalavodendnnis
19 IMdNUsEanSvasaunsieaadunliwenngudeyangnieuingnseuiunsaoulv

0 [ a

1% v o v ' i W val A o a Ao
sruuiseus Inedulydudundaenuesnguteyaldfnan dusuuuifntu tinvinnisitien
vesnguiayaueadluilivesails (Feature Space) Mnuudsmiduildulstoyariansoan

o v v 1 A v & A q v "y A '
nnfulpgazaiaduuds (Hyperplane) Mdudunssuuielvinsuindunseiuisaonsgs
v o % & vy aad a 1% iy
90N NAUNY Lduassladudunfngn nssurunsiSsuduuy Support Vector Machine

o Al
LAAINNNINN 2.11
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Feature space

Number of cells
-

Number of cells
Number of cells

-

2 Mean ml‘nnlty s ST "lun of intensity

A 2.11 ﬂisU’mmSﬁauiLLU‘U Support Vector Machine (SVM)

2.8 33w 1399 Machine Learning Techniques In Spam Filtering
210UNAI1Y 4389 Machine Learning Technigues In Spam Filtering 138 ulng
Konstantin Tretyakov 1unudsefiieadesiunisdnnsesdeninuveslngldianisawuu Ao
Bayesian Classification, K-Nearest Neighbors (K-NN), Artificial Neural Networks (ANNs)
uay Support Vector Machine (SVM) #sfin1snanfisnamsinusyavsnmainmsnaaeugne

Wee 9 waziinaawsnuandlunnsned 2.1 - 2.3

Algorithm MNA S\ Ne 3% P F Fs G
Naive Bayesian (A=1) 0 138 87.0% 0.0% | 28.7% 1.56
K-NN (k=51) 68 e 90.8% | . 11.0% | 69% 1.61
Perceptron 8 8 98.5% 1.3% 1.7% 1.75
SVM 10 11 98.1% 1.6% 2.3% 1.74

A319% 2.1 KAAINAANSNNTIAUTERNSNINVINTNAABUMILTTAS 9

AITNN 2.1 LEAINAANSNTINUITEANSAINYOININAFOUMEITAY & Fena1lAa

aa s 1% a a aa v 9 a oy
AUAIUITOVDIITNISINDILYUNTDU Iﬁﬂﬁgﬁ‘ﬂﬁﬂ’lwmﬂ LLagﬂ']WIE’JUﬂUVI'NWQWQLLﬁ'J SVM
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¥
Kdd I a

AIT9EANAAWSNANIYL Tudruvesisn1s Bayesian WulinelwiinAianainifleduensdag
Suunn Jududefveddsnisuuy Bayesian wifauisainaianainliieduennsiig
MUy Tadesnsansianainausavinlalaemsiidnawesidnluiieliswiuan

AURANAIAANEY WANINTILRDSH WTJ'J‘LIZU’Wﬂﬂ’1iUSUﬂW‘W’ﬁ’]ﬂJLW@iuuﬂlﬂJﬂEﬂWLﬂﬂNﬁiﬂ €] Lhel®

/M5 K-NN wansnadnsliiuiinAInuannaInsIuIuLIn

Algorithm N NE P B Fe G
Naive Bayesian (L=8) 0 140 87.3% 0.0% 29.1% 1.55
/K-NN (k=51 , |=35) 0 35 69.3% 0.0% 70.0% 123
SVM Soft Margin (Cost = 0.3) 0 101 90.8% 0.0% 21.0% 1.61
AN9197 2.2 wansradnsnsTaUsyavs A muas Naive Bayesian, K-NN way SVM
AN3eT 2.2 wanaNaanSNIIaUsEANS A NUee Naive Bayesian, K-NN waz SVM &4
na eI ANEINI5aURNs SYM Truseansainsg 'qﬂ War3sN15v03 Naive Bayesian, K-
NN wae SVM dulddeliinddanainle o
Algorithm N —p s Ns _pt P FL Fs G
N.B U SYM s.m. 0 61 94.4% 0.0% 12.7% 1.68

ANS199 2.3 LananadwsnsInUsyanSameea N.B U SVM s.m.

A v & o ATIA ~ ' v A
A15199 2.3 kANINAANSNNTIUTEANSA MUY N.B U SVM s.m. F9nanilain wle

o

Naive Bayesian U SVM duvilwUszansnmiuntuannuazhinelimiaadanaiale o

F9TU 9INNITNANMUUNANUTIIININ WNSARNIasTanuveyliasagvinliia

1 a d" .7 o’d al . ! o o U 3
AIANURANANR FINHAANGTLaATUAT1T1981L B 938n19 Bayesian NidonraeanuaAInan Il
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waglulagiu deliireimsinaueisnisseuiidadndmiunmsdansosdonuvey wenain

NMSATNITRUUALAL

2.9  A79Y1NYATaNaNAFU

1 = [ P

luiiellagnanfyadeyavadaudisznoumedosadoyaliun Yndoyadiua

9 v

v =3 = 1% 1 =2 v Y a o &
hae ﬂ;magmamamaa iwazLaamaaﬁqma;&amaamsﬂmmﬁummEm 29.1-292mu

o

2.9.1 yadeyadua: Mdyadoyanaasy PU1 Corpus Usenouluselaisnmelgosdign
v’f’mﬁwaagmmwawfamLLa”a?iﬂejm fio bare, lemm, lemm_stop, stop Teyalulnaidu
sULuUIeiIaY $1uau 4,396 N8 Taenwdl 2.12 uansnguvedlaisnvieidesdnduuainyn
foya PU1 Corpus, 2wil 2.13 uandlawsnvesdesluusagnguvesyadoya PUL Corpus uay

i 2.14 uaasternudluwsiardiuvetiaisnmedesvesyadeya PUL Corpus

stop File folder 5/92002 7:09 ..,
lemm_stop File folder 5/9/2002 716
lemm File folder 5/9/2002 714,
bare File folder 5/9/2002 7:11

Wi 2.12 nguveslaisnvestos 4 nguuasyavaua PUL Corpus



[ame

part10
.| partd
L ﬁ; partd
| part
‘ _ party
partd

| part3
part2
part]

A 2.13 lasnneldesluusiasnguvesyndeya PUL Corpus

~| 1090318legitd3.txt

| 1089367legit380....
~| 1088503/egit477....

~| 1087578spmsgc...

—| 1087384legit175....
—| 1087148leqgit580....

| 1086383spmsgb...
~| 1086128spmsgc...
—| 1085452spmsgb...
|| 1082%46spmsga...
=| 1081751spmsgb...
| 1079963spmsgb...

| 1072186legit560...

= 1077644spmsgb...
=| 1076876spms=ga...
|| 1073973spmsga...

2241
7.025
1,474
3,578
1,994
4213
5,161
1,000
2223
817
151
4,360
344
970
163
3

Size

2,241
7,025
1,474
3,578
1,994
4213
5,161
1,090
2,223

817

151
4369

344

Packed Type

Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document
Text Document

Local Disk
File folder
File folder
File folder
File folder
File folder
File folder
File folder
File folder
File folder
File folder

5/16,/2000 4:09 ...
3/16/20004:09 ...
5/16/2000 4:09 ...
5¢16/2000 4:09 ...
5/16/2000 4:09 ...
5/16/2000 4:09 ...
5/16/2000 4:00 ...
5/16/2000 4:09 ...
5¢16/2000 4:09 ...
5/16/2000 4:09 ...
51642000 4:09 ...
5/16/2000 4:09 ...
5/16/2000 4:09 ...
5¢16/2000 4:09 ...
5¢16/2000 4:09 ...
5¢16/2000 4:09 ...

A 2.14 Yeanulunsiavdiuveslasnneldesvesyataya PUL Corpus
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2.9.2 yaveyateaiduiea: Idyntoyanadeu NUS SMS Corpus Usznaume
Twandalnd affeyadusuuuuresidnusnunidnussiiay Suuvianun 5,574
Foau lnenmil 2.15 udasednsdennueaduedlugndoyanageuy NUS SMS

Corpus

7 SMSSpamCollecton - Notepad = X
He Ede Format View Help

ham Go until jurong point, crazy.. Availadle only in bugls n great world la e buffet... (lne there got smore wat...his Ok lar... Joking wif u oni...spam )
or more) U R entitled to Update to the latest colour mobiles with camers for Free! (all The Mobile Update (o FREE on 88262986830han 1's gonna be home soon and § dor
. He v naughty make until § v wet.nas  Fine if thats the way u feel. Thats the way its gota bspae England v Macedonia - dont miss the goals/team news. Txt ur natd
feel like? Lolham Kait that's still not all that clear, were you not sure about me being sarcastic or that that's why x doesn't want to live with usham  Yeah he
anything'has  Pls go ahead with watts. I just wanted to be sure, Do have @ great weekend. Abjolahas Did I forget to tell you ? I want you , I need you, 1 crave you
ost & whole second gram for &lt;#gt;has K fyl x has & ride early tomorrow morning but he's crashing at our place tonightham Wou. I never realized that you »
# ha good joke. Girls are situation seekers.ham Its 2 part of checking IQhas  Sorry my roommates took forever, it ok if I come by now?has Ok lar 1 doudble check wi
now. .. has I a8 waiting machan, (all me once you free.ham Thats cool. i am & gentleman and will treat you with dignity and respect.has I like you peoples very
t2 T spent late afternoon in casualty and that means § haven't done dny of y stuffdZmoro and that includes all sy time sheets and that. Sorry. hae Smile in Pleasur
" Please don't text me anymore. 1 have rothing eise to.say.ham . Okay name ur price as long s its legal! Wem can I pick thes up? Y u ave x ams xxhae  I'm stil
hat is the plural of the noun research?haa Going for ¢imner.msg you after.has ['n-ok wif it cos | like 2 try new things. But § scared u dun like mah. Cos u se
742676969 shows 786 unredeemed Bonus Points. To claim call 88719180248 Identifier Code: 45239 Expiresspam URGENT! Your Mobile No. was awarded £2008 Borus (aller F
tostThas I's home.ham  Dear, will call Tmorrow.pls accomodate.ham First answer my question.spaw  Sunshine Quiz Wkly Q! Kin a top Sony OVD player if u knc
re. (an you pls open the back?hae Yes see ya not on the dothas - Whats the staff name who Is taking class for usispam  FreeMsg Why haven't you replied to my te
fke all things you just must exist, like rain, hail and mist, and when my time hene is done, you and | becose one.haw — Asoccoright are you at work?hae ['m leaving my b
Uous STOP? Send STOP FRUD to 624685pae BangBabes Ur order 5 on the way. U SHOULD receive ¢ Service Msg 2 download UR content. 1f U do not, Golo wap. bangd. tv on UR ¢
¢ got the money so carlos can make the callham U still going to the mall?nas  Tuens out my friends are staying for the whole show and won't be back til ~ Alt;igt; ,
2 betueen 9an-1lpm a5 you have WON a guaranteed £1008 cash or £3008 prirelhas  Have you got Xmas radio times. If not § will get it nowhas I jus reached home. I g
e Found it, EW A&lt;#gt; , where you atlhae I sent you A&lt;#gt; bucksham Hellp darlin ive finished college now so txt me when u finish if u can love Kate
eading towards draw as your prediction.has Tired. I haven't slept well the past few nights.ham  Easy ahisen got selected means its good..ham [ have to take ¢
star sign, e, g. HORD ARIESham Hey company elass po mudyadhu.ham Uife 1s more strict than teacher... Beor Teacher teaches lesson &amp; then conducts exam, But Li
3 secret adairer who s looking 2 make contact with U-find out who they Rseveal who thinks UR so special-call on £9858094597nas Tomarrow final hearing on my lap
in holdnas e ur lovable beums angry wid u, dnt take It seriously.. Cou being angry is d most childish n-true way of showing deep affection, care n luvi.. kettods
MND! Hspas  Hey T am really horny want to chat o see me naked text hot to 69698 text charged at 150pa to unsubseribe text stop 69698nam  Why you Dint come with o
ctarhan No objection. My bf not coming.has Thanx. . .has Tell rob to mack his gf in the theaterhasm Mwesome, 1'11 see you in a bithas Just sent it. S¢
¢t,shall update you tonite,things are looking ok,varunnathu edukkukayee raksha olly.but a good one in real sense.ham  Hey you told your name to gauthas ah’ham

ght out. Do u think there s somewhere | could crash for night, save on taxi’hae Oh and by the way you do have more food in your fridge! Want to go out for a me:
eekhan He says he'll give me a call when his friend's got the money but that he's definitely buylng before the end of the weekhas Hi the way 1 was with v 2day, 1s
oad or somewhere - will get in touch over weekend. Oyr plans take flight! Have a good weekham o problem. How are you doing’ham No calls..messages. .alssed calls
g revd. Cust(are:88718720201 han Ta:Dazaaal T am home bade, are you still up has Cool. S0 how come you havent been wined and dined beforehas  Just sle
nd a half I's going apeshithas TODAY is Sorry day.! If ever i was angry with you, if ever { misbehaved or hurt you? plz plz JUST SLAP URSELF Bcoz, Its ur fault, I'm bi
ployed, every day is saturday.ham Hello! Just got here, st-andrews-boy its a long way! Its cold. I will keep you postedham Ha ha cool cool chikku chikku:-)
1 love you ...haa 1 will spofl you in bed as well :)ham I'w going for bath will msg you next &lt;#hgt; min..han I cant keep talking to people if am not
ts, they will guide when your owulation 1s then just relax. Nothing you've said 45 s reason to worey but 1,11 keep on followin you up.has Yeah sure, give me a cou
Plck you up bout 7.381sh? What time are and that goingdham From here after The perforsance award is calculated every two month.not for current one month period,.hi
§. Did you talk to herhas The hafr cream has not been shipped.has None of that's happening til you get here thoughhas Yep, the great loxahatchee xmas tree bur
ght 1 have & new goal nowspas  FREE entry inte our £250 weekly competition just text the word WIN to 89886 NOK. 18 TA( wwi.txttowin.co.ukham  Alright, I°1) head out §v
< )

AT 2.15 Metderuedlduiedluyateyanaaay NUS SMS Corpus




17

v <3

ynteyaieaduea: liyatayanaaau SMS Corpus Usenaumelnanialng

9 Y

a v

al I v v Y a o 5 ¥
NUVDLAUUTURUUVDINIDNYITINNIONVITENLAY IMUIUNINUA 1,324 Y9AU g

Y U

A7 2.16 uansiegtennueaduedlugadoyanageu SMS Corpus

2 - Netepad

w Help

[zrelanos 'smsCorpus

(@ammibute Text strmg

{@amsivute claszan (0.1

T&C’s apply 0843281007 30ver 1851

Free snmv i 2 awkdv comp to win FA Cup fimal thas 21xt Ma 3. Text FA to 87121 to recerve entry question(sid txt ra

FreeMsg Hev there darh een 3 week's now and no word back! T'd ke some fun vou up for it sall? Th ok! XoX sté ches 10 send. £1.30 torcv’ 1

hour: only., !

omer vou have been selected 1o receavea £900 prze reward! To clam call 09061701461 Claum code KL34L. Vaiid
¢ mobile | month: or more? U R enmied 10 Update 1o the latest colour mobiles with camera for Free! Call The Mobile Update Co FREE on 08002956031

"SIX chances to wn CASH! From 100 10 20,000 pouad: o~ CSHLL and send 10 $7373. Cost [30p/day. 6davs. 16— TsandCs appiy Replv HL 4 1ofo’.1

TRGENT! You have won 2 1 week FREE membershup in otrr <100.000 Praze Jackpor! Txr the word- CLAIM o No: 81010 T&C www.éhuknet LCCLTD POBOX HGRLDNWAT]

OMobiieMoveClub: To use vour credit. chck tie WAP Iink m the next txt message or click bere™> hitp: wap. xxxmobilemovieciub.com”n=QIRGIGHIGCBL !

ceco2ia - oat muss the goalseam news. Txt ur matonal team to §7077 eg ENGLAND 10 87077 TryWALES, SCOTLAND 40} 20 POBONox36S4WAIWQ 16+,

senption 1o Ringrone UK vour mobile will be charged £3 monrh Please confims by repiying YES or NO. I vou reph NO vou wall not be chacged'.]

4331 - Rodger Bures - MSG = We med to call vou = vour replv to our so1s for 2 free nolua mobile — free comcorder. Please call now 08000930703 for delvery somomow’.]
'SMS. ac Spre: The New Jerzev Dewils and the Deworr Red Wings play lee Hockey. Comect or Incorrect? End? Reply END SPTV™.

‘Congrans! | vear speczl cmenma pas: for 2 15 vours. call 09061209465 now! C Suprman V. Mamin3, SmrWars3. eic ali 4 FREE! bx420-pd-3we. | 30pne. Domr miss out!”, |

r Mob No. you are awarded with 2 £ 1300 Bomus Prize. call 090663643391

to advize vou that following recen” review of

A 2.16 shegndennueadiiealuyndeyanaaou SMS Corpus
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2.10 n15IaUsEANSNMLAe Area Under ROC Curve (AUC)

True Positive Rate

1.0

0.8

o
o

o
EN

0.2

)

Wun1siauseansainvesluinalae Area Under ROC Curve (AUC) Tl
wansAulanIWuargauduRusveIns I A1 ROC curve (AUC) BaliAitnlng 1
L IRANIIINUTLENSTNINALLDI91NTIAT True Positive Rate 189y laga1wi 2.17

WAAIAIDE19AUAUNUTVDINTIN Area Under ROC Curve (AUC)

Receiver operating characteristic example

B e, o

|
|
| »”

X The Best e

Bad
T - ROC curve (area = 0.79)
0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ANT 217 Fregsmnuduiusaeinsaw Area Under ROC Curve (AUC)
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2.11  n1390UsEANSAINAIN Accuracy

JunsTausgdnsamduudeyaiivhuregnresnaaialaesiiansmnainaisis

Confusion Matrix dm¥unisdunteya Asuanslumnsnd 2.4

.
1 = ©

Amnvwela | A (+) B (-)

A5
A (+) TP FN

B (-) FP N

M15199 2.4 Confusion Matrix wunisinuundeya

v

1A NA5 1N UA AT

o arasaldu + vwe Wu + Aa TP ( True Positive )
e asadu- vhue Ju + A9 FP ( False Positive )
o aw3udu- vihwne Bu- A TN (True Negative )

o aAsaulu + vhune Wu - fe  FN ( False Negative )

19y Accuracy Hlansn1sAuIunsl

it TN

Accuracy = 100 %
WY = TP AFP RATRNL
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UM 3

A5N15ALHUIY

Tuuniaznanfmssiiuny Bomisdansestonuasslnomsliitmadeudids
3N (Deep Learning) uagdinsruiuuuudy 9 uwuufio Bayesian Classification, K-Nearest
Neighbors (K-NN), Artificial Neural Networks (ANNs) kag Support Vector Machine (SVM)
domluuniusznoumesadouiimsduiuan uarduneuiznsiansesdoruaes Tag

neaviduavasudaridalagnesuteluided 3.1 - 3.2 duwiolull

3.1 sElgudsnIsaiueu

N1SANYIITNITHANN 9 VBINTIARNTNTEANTYE U3t Usudsnmsaniuau wansng

M 3.1
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v

3.1.3 vPanN1TARNTaItanuLsslagldion19eNg 9

\/

3.1.4 veaaalsuAmwdinesnlaluasnisng 9

v

3.1.5 Usufiuxanisnnasd lwensiussuiisukadnsilaannisnaass

v

3.1.6 NAABUNINADG

v

3.1.7 Awiiarasunanisaniuny

v

< "

2NA 3.1 521 08UTBNTAILNUTBINSAANT BIUBANNVEY
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3.1.1  AnEATN15AY 9 VBINISAANTEITEANVES

AnwniSnsfansestanuvezuuusng o laun F5n15138u31898n, Bayesian
Classification, K-Nearest Neighbors (K-NN), Artificial Neural Networks (ANNs) uag

Support Vector Machine (SVM)

3.1.2 m’%au%aagaﬁﬁqmﬁqmsﬁ'ﬂnsae
Swnuteyakarynsandnvszivavlutenin

3.1.3  NAaBINNIANNTEITaANYLZ A8 TEITN1TANY 9
NAABINSAANTEWERNTLAIAT ST AR NYINN

3.1.4  naassUSumwisfwesiiidludsnisd 9

NAaIUTUAINI 1N DSYBIITNTANNTOUBA UV LNENAABUINYATDS

v a

W151T0035YA LA RS WS NATIAAFMTUTINITUUUING 9
3.1.5  Usslliukan1snaaas
= =~ o salh v o saln v av dad v
WIguLTEuRaaNsIlaaINN1sNRaes kazraansinnnuIdeningves
3.1.6 NAHBUNSEAR

[

= ~ o sa v cal ¥ av a a v
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° o edv v o A a ¢ {
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3.2.5 NNNSAANTDITD ALY
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Lwiaz%’umaumsv‘mmmaﬁ%msﬁ’mmm%amwmaz%gﬂﬂdnﬁﬁuﬁﬁaﬁ 32.1-3286
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3.21  sAUTudaaudiansaaduLaE

lulgniimwiiasnageuisnsiiauefugndoyanadeuaesyn laun ¥m

foyaduauaryndoyaieaduied lnefiudazyadoyaiiswavidoadssoluil

Yatayadiua 91NN159198991n91UITeNALITR 1589 Machine Leaming Technigues In

Spam Filtering laglddoyanaaeu PUL Corpus Ussnaunaglasnnaigesiigniinisudas

& % ] s\ AL b % o Al
EULLUU?JENLUEMWLL?S? ﬂqmmaﬂlmiﬂ%@i&@ﬂﬁﬂ@ﬁ%@ﬂﬁﬂ%@%a PU1 Corpus LAAIANNINST 3.3

aime

bare
lemm 3016420171427 PM
lemm_stop G620 142 TP M

stop 9/ 16/2017 14:27 PM

Liate modified

o
1
T

T

AT 3.3 nguveslasnneitesdnguvesyateya PUL Corpus

dl 1 v 1 1 = 1 U L2 1 dﬁl
INNNINN 3.3 ?ﬁiﬂﬁﬂﬂa’nlﬂﬁﬁLW]ﬁ%ﬂa‘llllﬂ’NllLL@ﬂ@WGﬂU@Q@Eﬂ‘U‘U

bare: lifin1sl4911 Lemmatiser wag Stop-List
lemm: fn15199u Lemmatiser wsilalfins Stop-List
lemm_stop: 8n15149971u Lemmatiser waz Stop-List

stop: dn3ldau Lemmatiser usiliifinsldeu Stop-List

lnefl Lemmatiser fn n13fndruysgnavvesarlveglugduuusindwi (Stem) L1gu

Connects, Connecting #38 Connected aggnéinLviiawa Connect @ Stop-List 9318113

o A 1A ' Y
AdlddomnuuunY W In, On, At Wudy
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i 3.4 lasnnesvisdnguuszneusmelaisnneidesdudiu (partl, ...,

2/
v a !

part10) Nadududevgnldinnisneassdunass nefinlsdnlddmiumsvaseunazdniii

drugnlddrmiunisairluna udavirgraunn q daulegnlddmsunisnagou (Ten-Fold

Cross Validation)
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 ELHHEILE GG

o 1¥deyanmdeu NUS SMS Corpus Ssodeasdeyatoaduioatansieniw

7 sa1sSoamCcllecton - Notepad = S X
Fle Edt Formet w Help

ham Go until jurong point, crazy.. Avsilable only in bugis n great world la e buf e got amore wat...ham Ok lar... Joking wif u oni...spaw 3
or more? U R entitled to Update to the latest colour mobiles with camera for Free! (all Tne Mobile Update (o FREE on 839&’98 @3eham I'm goans bz home soon an¢ i dor

. He v naughty make evntil i v wet.haw ne if thats the way v feel. Thats the way its gots bspam £agland v Macedonia - dont miss the goals/t2ae news. Txt ur nati
feel like? Lolnam Wait that's still mot all that clear, were you not sure about me being sarcastic or that that's why x doesn’t want to live with ushaz  Yean he

thaw  Pls go ahead with watts. I just wented to be sure. Do have a great weekend. Abiolaham ,
e seconc gram for &lt;#dgt;ham K fyi x has a ride early tomorrow morning but he's crashing &t T our place tonightham l-.o« I 'we\e’ Fea].
¢ joke. Girls are situation seeksrs.ham Its 3 part of ch z IQnar orry my rocmmates took fo ok if I come b an

I ar waiting machen. Call me once you free.ham Thats cool. i am 3 gentleman anc will treat ith dignity and respect.ram
2 spent late afte and that means i haven't done any of y stuffd2moro and that includes all ay time sheets and that. Serny
] Plesce dor't v.ham  Okay name ur price as long as its legal! Wen can I pick them up? Y u ave x 3uws xxham

rnoon in
ne

hat is the plural of the rou ng for dinner.msg you after.ham I'm ok t i scared u dun like mah.
742676969 shows 786 unredeemed Bc*u: Points. To claiw call 88719188248 Identifier (ode: 45239 Expiresspam No. was awarded £2882 Bonus
cost>haw L'm nome.ham Dear, will ¢ Tmorrow.ols accomodate.ham First answer my question.spam  Sunshine Quiz Wkly ¢ a tog Sony OVD

Can you pls cpen the back?ham Yes sez ya not on the dothan Whats the staff name who is taking class for us’spam FrecMsg Why haven't you replied to my te

done, you 3 and i become cne.ham  Aaocooright are you at worklham ['m lesving wy b
e Msg 2 download UR content. I o "c., GoTo wap. bangs. tvon R s
s are staying for tne whole show and won't be .a.k til ~ &lit;38gt; ,
1f not 1 will get it rowham resched nome. 1 g
Xt g2 when u if v can love Kate

ike 21l things you just must exist, like rain, hsil anc mist, and when my time here
lious STOP2? Send ST ND to 62468spam BangBabes Ur order is on the way. U SHOULD receive 3 S
& got the money so carlos can make the callham U still going te the well?ham  Turns out my frie
2 between 9am-1lpm 3¢ you have WOK 3 guarantesc £1808 cash on £500€ prizelham  Have you got Xsas radic tise
81t;#8gt; , where you atdhze I sent you &lt;#3gt; buckshas Helle derlin ive fini:
eadirg towards draw as your prediction.ham ed. T haven't slept well the past few nights.ham fasy ahlsen got selected means its good..ham T have tc take &
star sign, eA g. HORO AFIES'& Hey cmoa y elana po mudyadhu.ham Life is more strict than teacher... Bcoz Teacher teaches lesson &amo; t s exam, But Li
nd out who they R*reveal who thinks UR so special-call on @3858294597han Tomarrow fina ng on my lar
s angry wid u, dnt take it seriously.. (oz being angry is d most childish n true way of showing deep affection, care kettode
am really ny want to chat or ses me naked text hot to 69698 text charged at 158pm to unsubscribe text stop kry you D
carhan Ho cbjection. My bf not coming.ham Thanx. Tell rob to mack his gf in the theaterhss Awescme, I'11 see you in & bithas Just sent it.
et,snall updste you tonite.things are looking ok.varunrathu edukkukayee raksna ollu.but a good sense.nam  Hey you told your name to gautnam an’ham

ht out. Do v think there is s ere 1 could crash for night, save on taxilham On and by the way you do hawe more food in your fridge' Went to = out for a m

)

in holdham Wen ur lova:le be

=3
eekhan Pe says he'll give me 3 when his friend's got the money but that he's definitely buying before the end of the weekham Hi the way I was is
oad or somewhere - will get in touch over weekend. Our plans tske flight! Have a good weekham lNo predlem. How are you doing?nam o calls..messages. .mis 1s
g rcvd. Cust(are:@8718722201.han Te-Daazaa! I am nome bebe, are you still up 2ham Cool. So now come you havent been wined and dined bafore?

JUST SLAP URSELF

nd & half T'n going speshitham TODAY is Sorry day.! If ever i was angry with you, if ever i misbehaved or hurt you? plz pl:z z, @l ts

day is saturday.nam Hello! Just got nere, st andrews-boy its @ long way! Its cold. I will kees you postecham Ha he cool cool

...ham I will speil you in bed as well :}ham I'm going for bath will msg you next 81t;#8gt; min..nés T cant keep talkirg to pecple am not

ts, they will guide when your ovulation is then just relax. Mothing you've said is a reason to worry but 1.11 keep on followin you am Yean sure, 2 a cou

Pick you up bout 7.30ish? What time are and that goingae Zrom here after The performance award is calculsted esvery two month.rot for current one menth peried..h:

i. Did you talk to herham The hair cream has not been shipped.ham Nore of that's happening til you get here thoughham Yep, the great loxanatchee xmas tree bur
gnt 1 nave 3 new gosl nowspaw  FREZ entry into our £258 weekly competition just text the word WIN to 80686 HOk. 18 T&( wentxttowin.co.ukhas  Alright, I'11 head out 1 v

< >

AWd 3.6 fededoanueaduoayataanageu NUS SMS Corpus

Mnamii 3.6 Teyanaasuresyndeoya NUS SMS Corpus Ysznaunig deminu
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o lddayannaay SMS Corpus Fadhatasdoyaieaiduoalanifanini 3.7

{| smscorpus2 - Notepad
Fle Edt Format View Help

(@.relanon 'smasCorpuc’

@artribute Text stng

@armibute class-an 10,1

"Free eatrv in 2 a whdy comp 10 win FA Cup final thts 215t Mav 2005, Text FA 10 87421 to recerve entry question(sid txt rate T&C' apply 0845281007 Sover 185\ 1
FreeMsg Hev there damg 1t's been ¥ week's now and no word back! ['d fzke some fun vou up for it sull? Tb ok! XxX std ches tosend. £1.50 to rev'.|

WINNER!! As 3 valued network customer vou have been selected to receives £900 prize reward! To claim call 09061701461, Claim code KL341. Vaiad 12 bours only.'.!

"Had vour mobtle || months or more? U R entrtled 1o Update to the larest colour mobiles with camera for Free! Call The Mobnie Update Co FREE on 03002986030'.1
'SIX chance: to win CASH! From 100 to 20,000 pounds txr~ CSH | and send to 87375, Cost 130pday, 6dave. 16+ TsandCs apply Reply HL 4 1nfo',}
TRGENT! You have won a | weel: FREE membershup m our £100,000 Pze Jackpot! Txr the word: CLAIM to No: 81010 T&C www.douk.net LCCLTD POBOX 4403LDNWIATRWIS' |

XX MobileMovteChib: To wse vour credst, click the WAP hink in the next tvt message or click here*> http: wap. xoxmobalemoviectub.com™n=QIKGIGHIIGCBL' |

Eagland v Macedon - doat auss the goals ream pews. Tt ur natonal teant 10 87077 eg ENGLAND to 87077 Trv:WALES, SCOTLAND drxtiil. 20 POBONox36304W4SWQ 161

"Thasks for vour subsenption to Ringtone UK vour mobile will be charged £3 month Please confirm by repiving YES or NO. If vou reply NO you will not be charged. |
p g g repiving replvAU) ?

384331 - Rodger Burn: - MSG = We med to call vou re vour reply 1o our s for a free nokua saobule = free cameorder. Please callnow 08000930705 for delwvery tomorrow’, |
'SMS. ac Sprv: The New Jersey Devals and the Detront Red Wing: play Ice Hockey, Correct or Lacomect? End? Reply END SPTV.!
‘Congnat:! | vear special cunema pass for 2 1: vours, call 09061209465 now! C Supman V. Matnexd, StarWarc3, etc ali 4 FREE! bx420-p4-Swe, 130pa. Dont aus: ou! |

"As 2 valued customer, [ az pleased to advise vou thar following recent revien of vour Mob No. you are awarded with 2 £ 1500 Bonu: Praze, call 09066364589 !

<
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3.2.2  Andenuasnssudayamihuniinisaansad

Tuduneutagyinmsdadenuazinsendeyaiingtrnvinisdansedieglu

sUuuuTedlng Text fregvesdennuiiindnnseddusiuuulng Text uansdenini 3.8

until jurong point, crazy.. Available only in bugis n great world la e buffet... Cine there got amore wat...',@

lar... Joking wif u oni...",0

e entry in 22 wkly comp to win FA Cup final tkts 21st May 2005. Text FA to 87121 to receive entry question(std txt rate)T&CY's apply 884528180750ver18\'s’,1
jun say so early hor... U c already then say...',@

1 I don\'t think he goes to usf, he lives around here though',@

eblsg Hey there darling it\'s been 3 week\'s now and no word back! I\'d like some fun you up for it still? Tb ok! XxX std chgs to send, 221.5€ to rcv’,l

en my brother is not like to speak with me. They treat me like aids patent.',@

per your request \'Melle Melle (Oru Minnaminunginte Nurungu Vettam)\' has been set as your callertune for all (allers. Press *9 to copy your friends Callertune’,@
INER!! As a valued network customer you have been selected to receivea ?298€ prize reward! To claim call @98617@1461. (laim code KL341. Valid 12 hours only.',1
} your mobile 11 months or more? U R entitled to Update to the latest colour modbiles with camera for Free! (all The Mobile Update (o FREE on ©36€2980036°,1

'm gonna be home soon and i don\'t want to talk about this stuff anymore tonight, k? I\'ve cried enough today.”,@

( chances to win CASH! From 10€ to 20,008 pounds txt> C(SHI1 and send to 87575. Cost 15@p/day, 6days, 16+ TsandCs apply Reply HL 4 info',1

ENT! You have won a 1 veek FREE membershin in our ?210@,000 Prize Jackpot! Txt the word: CLAIM to Ho: 81018 T&C www.dbuk.net LCCLTD PO30X 4463LDNWIA7RWIB',1
've been searching for the right words to thank you for this breather. I promise i wont take your help for granted and will fulfil my promise. You have been wonderfu
{AVE A DATE ON SUNDAY WITH WILL!!',@

(MobileMovie(lub: To use your credit, click the WAP link in the next txt message or click hered>> http://wap. xxxmobilemovieclus.com?n=QJKGIGHIIGCBL',1
k...i\'m watching here:)",@

u remember hou 2 spell his name... Yes i did. He v naughty make until i v wet.’,8

1e if that?’s the way u feel. That?’s the way its gota b',8

z1land v Macedoniz - dont miss the goals/team news. Txt ur national team to 87677 eg ENGLAND to 87077 Try:WALES, SCOTLAND 4txt/??1.2€ P0B0Xox36584W45HQ 16+',1
that seriously how you spell his name?',@

2 going to try for 2 months ha ha only joking',@

?? pay first lar... Then when is da stock comin...’,@

- 1 finish my lunch then i go str down lor. Ard 3 smth lor. U finish ur lunch already?',@

FFEFFFF. Alright no way I can meet up with you sooner?’,8

st forced myself to eat a slice. I\'m really not hungry tho. This sucks. Mark is getting worried. He knows I\'m sick when I turn down pizza. lol',@

| your always se conwincing.',@

I you catch the bus ? Are you frying an egg ? Did you make & tea? Are you eating your mom\'s left over dinner ? Do you feel my Love 27,0

'm back &amp; we'\'re packing the car now, I\'1l let you know if there\'s room’,0

1n. Work. I veguely remember that! khat does it feel like? Lol®,@
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® Filter Stopwords (English) Fondon vse Ffiludnduite wwu the, is, at, which

LLay on
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MAIMNT 3.10 nasInAmualgisnises qlunisudastiiavinnisdauds snase

fLaY wideunduly Process @enwy Edit > Insert Building Block szy3nazsinisulas

luduriindenruuwuula wag dauvowiiselusunsy RapidMiner Wiieyinnisszynisuas

YUATDAIY LEARIFININA 3.11

Edit Process Yiew Connsctions Cloug Seftings Exensions

B H- D

Repository

Operators
1

% Madaling (2)
- B8 Predictive (2)
~ 0 Neural Nets (2)
. NeuralNet
. Perceptron
% Utility (4)
- I Annotations (4)
" Annotate
~a Annatations ta Data
* Data o Annotations
B8 Exract Macro from Annotation

B -

Process

© Process » Process Documents from Files »

Tokenize

dox:

Recommended Operators

Filter Tokens (by Le...

duc

doc

Design Results @ Needhelp? v

Stem

f
doc

1) New Building Block X

S8  Piease select a building black which should be added {o the process

v Show predefined < Show userdefined

g Mominal Cross YValidation

A cross validstion evslosting s decision tree model

g Mumerical Cross Validation
“ A cross valicstion evalusting s linestregressicn mooel

s, Transform to Binominal
¥ Feolaces misiing values. discratizes numericsl attribuies snd ansforms naminsl stiributes te irsry (Gineminsl] stribotes

s, Transform to Nominal
"= Reolsces missing values and discretizes numerical aticutes

=, Transform to Numerical
¥ Feclsces ~issing values #nd tensforms nominal sivioutes to numencal sthibutes

o ox | ¥ cancel

Synopsis
¥ Generates word vectors from 3 text collection

remrad im mn i ln Sl

Wi 3.11 wiheelusunsy RapidMiner weviinisssynisudasyiadoniny

Even my brother is not like to speak with me

They treat me like aids patent

d L% 1 v [ 1 U L2 L3
AINN 3.12 (51’3'éJEJ’N“U?Jﬂ’J’]ﬂJmQﬁ‘U‘UE]ﬂ’NQJ‘UH%ﬂEJ‘L!LL‘Ua\‘i‘ﬂ’]ﬂ@?@ﬂi‘)ilﬂlfﬁwﬂﬂL(ﬂ’e]'i
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Term

Count

Even

[y

my

brother

is

not

like

to

3 vt 111211191111}

speak

—_—

with

me

They

treat

aids

patent

2N 3.13 shegnavennuiidlvteninuvezasainiuasainsonusliidunnses

3.24  MUUAISN WAANTDILALNIVIUAAINISITLADS

° aa Ay ¥ o A a & aa & Y ax a
ﬂ’]iﬂ’mu@’&ﬁ%l‘lj (ﬂﬂ’iENI(’WLﬁ@m/lﬂa@QVI@ZMU\‘J’Jﬁf\]’lﬂVNﬁiJmM’Jﬁﬂ’]iﬂEJ

3%‘m3f§ﬂu§l,%ﬂ§ﬂ, Bayesian Classification, K-Nearest Neighbors (K-NN), Artificial Neural
Networks (ANNs) k@ Support Vector Machine (SVM) 910HUMNANSMUUAAIWISITNDS

WeIruleuaazisnig

as a Y a =
® IBNILIYUILTIEGN

Tulgviiawil agldi8nsiouilasaneussamiiounuuiug (Recurrent

Neural Network) #e n1sierteyaursduiivinsunlilunisiuenisseliuay

'
1

ihluldlumsuszananadeyalasasiondeyaiidonainlnuanduunBudeyad

vl Teeidonusziam Long Short-Term Memory (LSTM) &svinuiiflufdlaymanetu

nanfiflenueninnvedlassneUssamifisnuuuius lnsanuzassdniiéniian

(Cell State) Wufufiuaniug (State) vosmheanudfidniian (Memory Cell) Tu
S

Long Short-Term Memory wag tnn (Gate) Fadmounden (Analog) Lﬂuéfqmuem

nslvavestoya
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aunn (Input)

O Word Ids: LNmesvesA Fauansnmdnuy (Feature) voer nouddlusy
Long Short-Term Memory

O Embedding Matrix: 1uese (Array) ve99u1AAN (vocabulary size) uag

PNVIAUINUY (embedding size)

NSLUIUNITIAAUNNLADSUDIAT LAPISININT 3.14

# embedding_matrix is a tensor of shape [vocabulary_size, embedding size]

word_embeddings = tf.nn.embedding_lookup(embedding matrix, word_ids)

= v & ¢ °
AN 3.14 NTEUIUNITIANULINADIUDIAN
AMNI318LADS
O 9MuIUGUYes Long Short-Term Memory (number_of_layers) lngia1nem

(Output) TetuwsNIzluBunRvottudialY

NSLUIUNITNNNUVDIAANE T UARIENVINMUNT MUltiRNNCell LaasnanIng 3.15

def lstm_cell():
return tf.contrib.rnn.BasicLSTMCell(lstm_size)
stacked_lstm = tf.contrib.rnn.MultiRNNCell(

[lstm_cell() for _in range(number_of layers)])

initial_state = state = stacked_lstm.zero_state(batch_size, tf.float32)
for i in range(num_steps):
# The value of state is updated after processing each batch of words.

output, state = stacked_lstm(words[:, i], state)

# The rest of the code.
T

final_state = state

AT 3.15 Aa1a MURNNCell Tw Lone Short-Term Mermory
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® Bayesian Classification

UNA

a Y 1

O Value: MANFALAILAT (Token)

Y

599 setTokenizer LAMIRININT 3.16

public void setTokenizer(Tokenizer value)

AT 3.16 Lusen setTokenizer

W5en getProbability WARIINING 3.17

public double getProbability(int iNode,
int iParent,

int iValue)

AN 3.17 Lwsen getProbability

® K-Nearest Neighbors (K-NN)
UN

O Value: M7gnAALAILAY (Token)

599 setTokenizer WAMIRININA 3.18

public void setTokenizer(Tokenizer value)

AN 3.18 L1599 setTokenizer

AT 0%

O K: 31udeualnaldgsiigniuiansan

1509 setkKNN WanasenInd 3.19

public void setKNN(int k)

AW 3.19 LWsen setkNN



® Artificial Neural Networks (ANNs)
UNA

O Value: M7ignAnusua? (Token)

W59R setTokenizer WAMIRINING 3.20

public void setTokenizer(Tokenizer value)

AN 3.20 LU50R: setTokenizer

ANN51ELADS
o h: nuanegluiaiwestudeu

W5en setHiddenLayers wanefinIndi 3.21

public void setHiddenLayers(java.lang.String h)

mwﬁ 3.21 U590 setHiddenlLayers

® Support Vector Machine (SVM)

unn

Il o !

O Value: AMAandawsanal (Token)

Y

W59n setTokenizer WANIRINTWA 3.22

public void setTokenizer(Tokenizer value)

AN 3.22 L1150 setTokenizer

A58 es

O Value: Usztanwas SVM

W5OR setSYMType uamaianmil 3.23

public void setSVMType(SelectedTag value)

ANl 3.23 LW5en setSVMType

37
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UnN 4

Nan1SALHUIULAZNITENUIIENE

Tuundaznandawanisauduay msedusienanisanduau waslgmnnulu

AMFANLUUNU

4.1  WNANISAMUUNY

9135 snldiiausluuniiany wadnsudseiniiviinisAanTedenuvezveIyn
foyanaaeudsuszneumisyadeyadecszinnliun yndeyaieaouiea uazyndoyadwa
Tnoneazidonaznanisluiaded 4.1.1 - 4.1.2 fwtaluil

011 wadwindannivinisdnnsesdennurezvesyadoyaioadueadnuiu 2 4
foya Famadnsiinanlignuszuianadierensiuas RapidMiner Inowanduas RapidMiner
wSulvantuiindineudszinndorinu uazdslepdilddnnsealutey aundy uduaned

v scaM ¥ L a s ax o Y oa . aa & a
naanSAlaInMsUSUAMITAe3 ve93BN3L38U3189aN (Deep Learning) wAEISNNIAUAL

LL‘U‘US‘U 9 gLLUUﬁa Bayesian Classification, K-Nearest Neighbors (K-NN), Artificial Neural

Networks (ANNs) kg Support Vector Machine (SVM) Tuguiuuasmisnauaziiugl

* nasnsveyatayana@eu SMS Corpus aunsanansliFamnsad 4.1 - 4.5 waznmd
4.1 Taems197l 6.1 Ao a31Radnsvaeds Artifical Neural Networks (ANNS) #1519
7 0.2 B0 PT1aWadNEVeIT Bayesian Classification 15197t 4.3 Ao M5 aHadNs
¥8133 Support Vector Machine (SVM) 151971 4.4 fio m151anadniveais K-
Nearest Neighbor (K-NN) 1151371 4.5 Ao gs1anadnsvosismsidoudidedn was

AT 4.1 Ao AwurunTnansruduiugsening Accuracy AU Hidden Node(s)

LSRRI T AGH
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A Hidden
WITNULHDINNYIVDY Accuracy AUC Runtime

Node(s)
L.8n51mnansinsisens { 95.73% 0.969 9 U
(Learning Rate) = 0.5 2 95.98% 0.967 12 w1
2. 8nsnsuRunamiei 4 95.73% 0.969 9w
(Momentum) = 0.2 8 96.23% 0.965 13 W
3.fmaALAAaL (Error epsilon) 16 95.98% 0.970 22 Uil
= 2.0E-16 32 96.48% 0.970 39 wl

M15197 4.1 nadnsuedds Artificial Neural Networks (ANNs)

@ 2/

AugAUDYanageu SMS Corpus

Accuracy

AUC

Runtime

955%

0.963

3 Ul

M13197 4.2 WadNWEUeII5 Bayesian Classification fuyndeyanadeu SMS Corpus

\nasiuanarigy
Accuracy AUC Runtime
(Kernel Function)
\nSiuATNAY (Linear <
94.22% 0.964 2 U
Kernel)
WU (Polynomial) 95.23% 0.965 4w
Radial Basis Function .
84.67% 0.872 4 um
(RBF)

M990 4.3 sadndvesis Support Vector Machine (SVIM)

U v

nuPRYBYaAday SMS Corpus
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14U K Accuracy AUC Runtime
il 74.12% 0.500 1wl
3 72.36% 0.771 2 ¥l
5 71.86% 0.922 2 U9
7 94.47% 0.940 1w
9 83.67% 0.942 1wl
11 75.63% 0.944 1wl

A15N9 4.4 HadWEVRAF K-Nearest Neighbor (K-NN) fuyadiawanaaeu SMS Corpus

W1sanes Hidden
e Accuracy AUC Runtime
NiN8IYD9 Node(s)
1.Apanpdeu 1 77.39% 0.638 10 Ui
= 2.0E-16 2 77.39% 0.638 10 w1l
4 77.64% 0.639 12 W
8 77.14% 0.640 16 119
16 77.14% 0.643 40 w9
32 77.39% 0.648 47 ui

159l 4.5 NadwSueiEmsBeusidean fugndayanadeu SMS Corpus
77.70%
77.60%
77.50%

it %
77.40% e ®

Accuracy

77.30%

77.20%

~l
~J
[y
o
N

0 5 10 15 20 25 30 35

Hidden Node

a a v & & | o )
DN 4.1 LNUANUEAIANENNUI TN Accuracy hag31u Hidden Node(s)

YeIBNITEUSBENfuTtayanedeu SMS Corpus
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o uainsvasyadoyanAdny NUS SMS Corpus amnsauandldfanisieil 4.6 - 4.10
wazn i 4.2 Inenn319il 4.6 Ao A131anadndueeds Artificial Neural Networks
(ANNs) 9151991 4.7 Ao pn519madnsvasds Bayesian Classification a15197 4.8 &e
A1319HadNE0335 Support Vector Machine (SVM) 9151471 4.9 Aa A9 19madns

19435 K-Nearest Neighbor (K-NN) a5 4.10 fio s 1anadnsvesisnsiSeudids

an wavnIni 4.2 Ao A uRUILaneAUFURUSIENINN Accuracy U Hidden

Node(s) v938n13138usiaedn

Wsnes Hidden

S i Accuracy AUC Runtime

MNYIVDY Node(s)
1.8a51AuI5Ing 1 94.09% 0.914 48 11l
Sous = 05 2 94.51% 0.932 30 W
2809 MN15A AN 4 94.03% 0.927 36 W
ﬂ’gmmfjmﬁq =0.2 8 93.67% 0.925 51 W79l
3ﬁ7ﬁmmﬁa‘@u = 16 94.21% 0.927 1 "i‘Iljﬂm
2.0E-16 32 89.67% 0.927 1 42l 21 wii

A151991 4.6 nadnsels Artificial Neural Networks (ANNs)

L ¥

AugnvByanaday NUS SMS Corpus

Accuracy AUC Runtime

94.81% 0.926 2 U9

f15°99 4.7 WadW5YaLIs Bayesian Classification fuynveyanageau NUS SMS Corpus

Kernel Function Accuracy AUC Runtime
Linear Kernel 94.69% 0.933 11 wdi
Polynomial 95.10% 0.930 8 UM
Radlial Basis Function 92.30% 0.855 10 Wi

A5199 4.8 WadnS1e933 Support Vector Machine (SVM)

fugatayanagey NUS SMS Corpus
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U K Accuracy AUC Runtime
1 62.63% 0.500 9 Ul
3 61.79% 0.715 9 U
5 67.10% 0.722 8 UM
7 70.69% 0.721 8 Ul
9 71.10% 0.712 8 U9
11 69.55% 0.792 9w

A997 4.9 HadNSUEIS K-Nearest Neighbor (K-NN) fute)

v

vayanagay NUS SMS Corpus

W15150N D3 Hidden
S Accuracy AUC Runtime
NLNYIVDY Node(s)
1.MAIaAEoU 1 86.81% 0.497 29 11l
= 2.0E-16 2 86.15% 0.517 18 U1l
4 86.63% 0.456 18 U9l
8 86.63% 0.488 27 Wi
16 86.69% 0.513 40 ui
32 85.97% 0.574 33 U9l

a5197 4.10 nadnsvesnsseusitdniuyatdeyanaseu NUS SMS Corpus

86.90%
86.80% - @
86.70%
86.60%
86.50%

86.40%

Accuracy

86.30%

86.20%

86.10%

86.00%

85.90%
0

w

10 15

20

Hidden Node

25 30

d a o/ U/ 5 1 ° .
AN 4.2 UNUILERIANUFLTUTIEIIN Accuracy HagaUIU Hidden Node(s)

Yot Mseusidsdniugadeyanaaeu NUS SMS Corpus
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[ [

.12 wadnwsudsaniivhnsdansesdenuresvesadeyadiuadiuiu 1 yadeya

'
= [ [

Fanadwifenaildgnuszuiranadiogenduas RapidMiner lngwanduas
RapidMiner agfulndfivuiindneudszinndoninu wasUsvleanilddnnses
Judeyaund udwansamadnifildannmsdiumminiinesdg q ves

aa al Y oa ot ) a
WBsSeuiiAiedn (Deep Leamning) Tuguuuvasmnsuazunugil

o uadnsvesyndeyanaaeu PUL Corpus amnsauanslafisnsnsi 4.11 uaznmi 4.3
Inen151991 4.11 Ao As1NaansvesIsMsieuledinuaznnd 4.3 Ao A wunugd

LanIANLFLNUSS¥1INe Accuracy fiu Hidden Node(s) 2043515158 u31894N

W1513A 03 Hidden
¥ e Accuracy AUC Runtime
NLNYIVDI Node(s)
1 Apaanden 1 67.64% 0.626 18 W
= 2.0E-16 2 67.42% 0.420 11 w1
4 67.64% 0.447 20 WA
8 67.64% 0.510 20 Wi
16 67.64% 0.537 30 Wi
32 67.19% 0.543 50 Wi

o o & aal ~ YA = o v
MN1979N 4.11 Naﬁ‘Wﬁ"U?N'Jﬁﬂ'TiLiEJuEL%Qﬁﬂﬂu@ﬂm@%amﬂa@U PU1 COFpUS
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67.50%
67.45%
67.40%
67.35%
67.30%
67.25%
67.20%

67.15%
0 > 10 15 20 25 30 35

Hidden Node

AT 4.3 unugNuanANENTUE ¥V Accuracy WagdIuau Hidden Node(s)

ad =l Y a = </ o
‘YJEN'Jﬁﬂ’]iL'ﬁEJ‘L!EL"Naﬂﬂ‘U"QWUEJi;IJﬁ‘V]@ﬁ@U PU1 Corpus
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4.2 N15USTEUNANISALIUIU

AMRan1sANELlute 4.1 aunsadinadnsniaandsnisnuaue Wisuneunuy

TPWINTOYAUARYYN TIUAAIIIANTINN 4.12

33n1silddansastonnuvey
Support Vector Machine K-Nearest Neighbors Artificial Neural Networks
yadaya (SVM) (K-NN) (ANNs)
Accuracy Runtime | Accuracy Runtime | Accuracy Runtime
AUC AUC AUC
(%) (Minutes) (%) (Minutes) (%) (Minutes)
SMS
95.253 0.965 4 94.47 0.940 1 96.48 0.970 39
Corpus
NUS SMS
95.10 0.930 8 69.55 0.792 9 9451 0.932 30
Corpus
PU1
98.1 N/A N/A 90.8 N/A N/A 98.5 N/A N/A
Corpus

ol = a o say v ad v ]
M99 4.12 ﬂ']iLUsEJUL‘V]EJUNaaWSVIVLﬂQWﬂ’]ﬁﬂqiLLa3‘@@%@3{!6@?3 9
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d aa dﬂlwu v
YBIINIINLIAANTDIVDAIUVYY
ABNIEBUSLEN
: Bayesian Classification
FYayavaya (Deep Learning)
Accuracy Runtime | Accuracy Runtime
AUC AUC
(%) (Minutes) (%) (Minutes)
SMS Corpus 9563 0.963 3 1739 0.648 47
NUS SMS
94.81 0.926 2 85.97 0.574 33
Corpus
PU1 Corpus 87.4 N/A N/A 67.19 0.543 50

M99 4.12 nsilSuuiiusadnsnlaanismsuazyadeyasine o (o)

F3nsiiaueliien Accuracy, Area Under Curve (AUC) uaztaanitldl (Runtime) 34
nanansendunuildansanmegeunadalngliniadsavadn dadudnatmi
aiim Inedlauuigiudad

sloyndoyanadeu srufstuneuisnisens q A4 dwwaseusyaniamuaenisin
Asodenuvey faiu Wendnafedn AUC asdusavenninsan (Overall Test Accuracy)
fhy 9 Taodinsudsenteanunlamail

0.9-1.0 : Very Good, Excellent

08-0.9 : Good

0.7-0.8 : Fair

0.6-0.7 : Poor

0.5-0.6 : Fail

<0.5: Worthless Test

1

na13lain Bedn AUC 111nd 1 %38 A1 Accuracy 1011nA 100% Beuanids Ay

' (%
o v (Y

gnfosannsageuYatouafiun mszuansdisnuiasiduniyndeyanaaeuiy 9 g

3
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Treagndodumsdnnseaderurezauaruiluais awnsadhdilinyhnsdssuiio
fagoluil
- dwsugatoya SMS Corpus

° 3'§m§”61 ﬂiumﬂiuamma (Effectiveness) Aa Artificial Neural Networks

(ANNSs) Lo Accuracy = 96.48 % uaza1 AUC = 0.970

° 3’%mi1'7i§17izjm1w,t,dﬂiz?m%mw (Efficiency) Ao K-Nearest Neighbors (K-NN)
1ned Runtime @9 1 w19l

'
al

e F3n15fiugfigaluniusz@ndua (Effectiveness) An Deep Leaming i

Accuracy = 77.39 % Wagal AUC = 0.648
° 'ﬁmaﬁLLéﬁqmluLLdﬂw?ﬁm%mw (Efficiency) Ao Deep Learning lagl
Runtime e 47 w1l

- dwsuyavaya NUS SMS Corpus
° SJ%ﬂ’ﬁﬁﬁﬁ?jﬂIuLLiUizﬁ‘Vl%Na (Effectiveness) Ao Support Vector Machine
(sVM) e Accuracy = 95.10 % uag Artificial Neural Networks (ANNs) Lgi
A1 AUC = 0.930
° 3§ﬂ1§ﬁaﬁ?jﬂ1uLLiﬂisﬁw%ﬂ’lw (Efficiency) fie Bayesian Classification lagl

Runtime @8 2 U1

PN

® Bnsnuen qﬂIULL\iﬂixaw%Na (Effectiveness) o K-Nearest Neighbors (K-

NN) 1giei Accuracy = 69.55 % uag Deep Learning oA AUC = 0.574
° ’“g%‘msﬁLL&iﬁqm‘LuuﬁUszﬁw%mw (Efficiency) Ao Deep Learning laa il
Runtime #8 33 w19
- dwiuyateya PUL Corpus
o FinsTiadia 1alundUszdvina (Effectiveness) A Artificial Neural Networks
(ANNs) 1@ Accuracy = 98.5 %
A A

e ASnsfiudfigaluuduszdniua (Effectiveness) Ao Deep Learning leein

Accuracy = 67.19 %
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4.3 NM15ILASIZINANISALUU

43.1 waanwsvawgadayanadeu SMS Corpus

® nadwSYedds Artificial Neural Networks (ANNs)
fvuslensinnudanisiseuiidu 0.5
ﬁwumé’m'}mﬁmw;ummmﬁmﬁuﬂu 0.2
ﬁwummmwmamﬂ?{amﬁu 2,006
fvuasIuiu Hidden Nodes u log n §1u 2

31174 Hidden Nodes 18u 1 villaan Accuracy u 95.73% way fier AUC L0
0.969 Taeldnanlunisussuiana 9 Ui WdantaiinNsUSUSIuIL Hidden Nodes
Hu 2 vrldiuuwaliuina Accuracy Wiaduu 95.98% was fldn AUC anadiu
0.967 Ingldtianluntsussananaviindudu 12 und yeaniynsU Susmau
Hidden Nodes 184 4 nadniues Accuracy SAndu 95.73% way Ja1 AUC 1Tu
0.969 Tneldarlunsussanana 9 wiit il iulddnd uau Hidden Nodes 1lu 4
duadndivinfusiuiu Hidden Nodes 14 1 n&snnturhn1suTudIuau Hidden
Nodes 11 8 vhlulaan Accuracy 1 96.23% uag flan AUC WJu 0.965 Tagldiaan
13 udl vbsiulaanan Accuracy gy A1 AUC anas war Mhainsdssuiana
sy pdntuUUs L Hidden Nodes lu 16 fiA1 Accuracy 10w 95.98% ex
Sawinfusiuau Hidden Nodes Wu 2 wag fif AUC utudu 0.970 Tagldinan
TunsUszananadiuiudu 22 Wit wdwinturihnisu$usiuau Hidden Nodes 1y

= g v o saal 1% A o P
32 Flinadniatanuasldnailunisuszananauiniian vinlilder Accuracy 1y

q

96.48% uazilen AUC W 0.970 Tngldszeznanlunisussuiana 39 Y9

® paansvasls Bayesian Classification

&6 Accuracy i 95.73% wag AUC fiandu 0.963 ngldnanlunisussuiana 3 e

® HadNsva9ls Support Vector Machine (SVM)

SuaLADSiuan Ty
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o diuad uduriliiléan Accuracy Wi 94.22% wag AUC 1Hu 0.964 Tagldaanluns
Uszaaama 2 WT vniausuieesiuaitaiduduwuy Radial Basis Function vl
wunltarinAn Accuracy anaundu 84.67% wag AUC anaudu 0.872 lagldnarlunis
Ussananadaduiy 6 wi ndmnduiueediueitriduduuumn Sdlduadnsd

Fanuaglnarlunisustnanasnniian vilildan Accuracy WWu 95.23% uawdien AUC

1y 0.965 Wneldseuzinanlunisussuiana 4 uii

® adNsYeeIs K-Nearest Neighbor (K-NN)

Suuan K oy 1 vhleildan Accuracy Wiu 74.12% wag de1 AUC W 0.500 Tagld
HarlumsUssanara 1 Wi wdeantusinsuSusuua Ky 3 iliiduuniba
A1 Accuracy anasilu 72.36% way A1 AUC gy 0.771 Tasldianlunis
Uszananafiaiwdu 2 ud wRnTTINsUSUSuIuan K i 5 nadnsves Accuracy
fandosgadu 71.86% waze1 AUC dWuguannen K neuntinlu 0.922 Ineldiaan
Jseinana 2w nadsaanturinasususiuaudn K idu 11 vinldduewsldudnen
Accuracy Wiy 75.63% uagilan AUC annan e 0.944 lagldianlumsuseanana
1 uft w&antaimsususwuan K i 9 vililédner Accuracy ity 83.67%
wag AUC Sedu 0.942 Tagldnatlunisusyunana 1w w&annturhsUSus LI

e K1y 7 Fdlnadwsiign wlldrn Accuracy u 94.47% uagiien AUC W 0.940

Tneldszozinanlunisuszanana 1 Wi
e HadnsvesIsnIsBEULTeEn
_ Awuadeusanaedewdu 2.06-16
_ fvuasuau Hidden Nodes «Uu log n §1u 2

$1u7Y Hidden Nodes 1fu 1 ¥il#laen Accuracy 1lu 77.39% ez Ja1 AUC 1u
0.638 lagldanlunisuszaiana 10 Wil wsantuyiin1sUsus L Hidden Nodes
S 2 FlEdiuinen Accuracy, AUC wazkandildlumsusvananadinadnsvinfudiuiy
Hidden Nodes 11 1 n&sa1ntusiin1sUfusIuIL Hidden Nodes 1¥u 8 vilsidiuin

adwsves Accuracy ananiiliiiandu 77.14% waz T AUC Wiin@wiu 0.640 lagld
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nanlumsuszanana 16 Wi wdsaniurinn1susuIwiu Hidden Nodes W 16 agle

A1 Accuracy tJu 77.14% Fadlinaawsivinfudiuau Hidden Nodes Wu 8 waziian AUC

'
a

sy 0.643 Ingldnanlunisuszaianadiindudu 40 Wi PEINTUYINNSUSU

$1unu Hidden Nodes 181 32 9gléen Accuracy 1 77.39% Faiinadnsivinfudiuau

Ree

udowdu 1, 2 waz 32 way fan AUC u 0.648 TagldinanlunisUssuiana 47 Rk

ﬂdd‘

aSrnturnsususau Hidden Nodes iu 4 Ssliinadwsiian villden Accuracy

S

{u 77.60% uaziien AUC 1 0.639 Tagldsseviatiunisuszanana 12
43.2 wagwsSvasyatayanadey NUS SMS Corpus
® padwsvaed’ Artificial Neural Networks (ANNs)
- svualvnsanndinisiieuiidu 05
- ﬁwu@é’mwmsmmum’mmﬁmﬁ%ﬁu 0.2
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