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ABSTRACT

The Naive Bayes algorithm (NB algorithm) is a popular one for spam email
classification due to fast training, using simple techniques and high accuracy. One of
many research improving NB algorithms are the AWF-NB algorithm. In this paper, we
call the research an AWF-algorithm for convenient mention. The AWF-NB algorithm
focuses on solving the equally important word in each class because it is not always
the case. Another problem of the NB algorithm to solve this problem, the AWF-NB
extremely reduces the importance of words in the class that has lower importance.
However, this action will lead to reducing the accuracy in cases that slightly differ
among the importance of words in each class. Therefore, the goal of the research is to
improve the AWF-NB algorithm by reducing the importance of words based on entropy
of words. We compute the entropy of a word to decide if it should be reduced in
importance. The experimental results on ten spam email datasets from Kaggle website
indicated that the RIWE-NB algorithm can remarkably increase the classification
accuracy of the NB algorithm and the AWF-NB algorithm in majority datasets while the

execution time is still conserved
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v oA [ a = v a L3 = [ 1 1
T1uuseagiilosandana3fiu NB ldnguiiug (Bayes theorem) [3] Fuduaituyiagidu
v & v v ° = Aa o av i 17 ° o = ' &, a1 ) &
Aetuidesdwundaniilivsnnglugadeyadmsviindu arudiasiduasianduaug
danalianuudugilunisituunanas Fadgmilaguniagldisnisvinarvarvay i
(Laplace smoothing) [4] tweunlutymilusanaiviu NB uazsiudefvesdanesiu NB A
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Tuteja hag Bogiri [5] T99ana3viu BPNN (Back Propagation Neural Network) Lii®
TuunUsziandiiaandy widinnuulugavgiuasanasyia BPNN Toianlunisidniu
ADLTNNNNNLAZ DanasRNTA LT uga Ll LN TR

Vishagini ka¢ Rajan [6] lavian1swaiuiuagysuuss SYM wuuaasdamidn (Support
Vector Machine) Ingldm1uininainsdanaiiu KFCM 35n15laiu130andns1n1991uun
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2.1 1eulnst (Entropy)

£

Twinginusdagldnisaruindeulnst [9] lunangufarsawma (Information
theory) asnulunlagaiursoulnsUluvouivnvomguarsawne wulnsUlunimegud
ansauwmanuneiaianulidussdevresoyaiivieduls (Bit) Bsdayalinnsnszaieuin

ysoldiussifovnnn AeulnsUasdann wulnstiauniseal

En(S) <\ Y ZnEN p(xn) IOgZ p(xn) (2.1)

En(S) Aartaulnsy

sl

N AaiwnvasradnsAduldlaramun
p(x,) A8ANUUNALTUNIUANNASNS N MITHIINUIURASNS NIV
naun1sANeulnTUaziia1geand logN) eliiinlaizeaeulntuinduazesuy

a 1% L% %

Tngnshetnamanisafausflunistendesduaudiainiind 3 S
1) % A flena 90% fiaglddusiisonis
2) - $1udn B flloma 50% Tlagladuddisesnis
3)  Squdn C filona 5% Tvzledusiisoans
AunaAeulnsTvesiude 3 Suiiofiagnsiuindiudnluuidauldudueudiay

lpguasdenisuiniian Suamanuessiiwaussmaansidululdgvionn 2 fie {duladus

A v ! va v A o v = ' < A va v A = '
NHBINIT, /sjll‘lﬁ\lau@]']@‘lﬁ TUAT A llﬂ’:l"ll]u’]ﬂgLUUW%glﬂﬁUqumaﬂﬂ’ﬁ 0.9 wazdAlINUUIL

¥ A

@ o [V VP ! o Y a | @ va Y Ay a v
LUu%ﬂglﬂaUﬂqau 0.1 mau131U4A1 B llﬂ'J']ﬁJu’mgLUTJV]Q%I@I&UF’YW’IG]@Qﬂ'ﬁLLa%ﬁuﬂqf’]uwnﬂu

Ao 0.5 gavitedua C damuazduinagldduifisens 0.05 uaslianuiazlunagle

a v A

dgum1au 0.95

ANUIUALUINTUVDITIUAT A
En(A) = (0.91og, 0.9) + (0.1log, 0.1) = 0.47 (2.2)
AINALBUINSUTDIS AN B

En(A4) = (0.5log, 0.5) + (0.5log, 0.5) = 1 (2.3)



ANUIALUINTUV8951UAN C
En(4) = (0.05log, 0.05) + (0.95log, 0.95) = 0.29 (2.4)

INMTAINNUTIINSTonaeIgusu B avlnnuliwuueumnniiannsizlonian
wlpduAnfeIn1shie 50%:50% luraeiiudi A daruldwiuousesan Weswinsdl
lonanagladuaideanisiia 90% 8n 10% Naglaausdu anvieiue C danuliviveu
v A .:4' < Yo 1 =~ = va v A = = va Y v
Wesign Weosnnmuladainsdilontanasladudauis 95% waziilonaliduaiisenis
5% Wiy Fenseiuiilananlidoyansernuaiadnsnssaigeanainiuuin dawalv

1 i

Anoulnstazdann iwudmdn B nadnsiidululdfensgulddudfidesnisuaznisguld
Auddu danszaredeenainfuminiiandiu 509%:50% fstuisdianeulnstuiiu 1 fady
ALeUlnIUgadn log,2 WU 1 diuiue A insnsgnemveinadnsioeniitiuan B Ae
90%:10% FstfuneulnsdildTaiosninun dawfud ¢ Snisnszarefmesnadnides

Ngnfe 5%:95% AadlaneulnsUtesian

2.2 vquid (Bayes’ Theorem)
Junguiiiesuistsauduiudsening PAB) uay PBIA) Taeil PAB) Aaaiutiiag

Juilazfiaumgnisal A dlewmgnisal B iiaduuad duu PBJA) Aeainuuiaziduiiaziin

w15l B lemnnisal A aTuuad MeA1unazidy PAB) wag PB|A) gniseninainy
Wnaziuwvuiiieuly (Conditional probability) dun15UeIgE]USwandsil
P(BIA) = P(A|B)xXP(B) (25)

P(A4)

nefl PB|A) Aepruinaziluivzifinmanisal B {Wamnnnsal A inTuwdn

P(AB) Aoauinasdumagiinmnnisel A Wewinnisal B LAATULAY

P(B) Aonutawiduiaziinimanisal B

P(A) Aopnanhazduiiasiinmenisel A

= 4 I I P o = g
uvesaunIsuguIannIsmaNdIsduLuuiiteuluisaes eide PAB) wax

P(BIA) Tne P(AIB) waw PBIA) Saunisesil

P(ANB)

P(AIB) = "5

(2.6)

P(ANB)

P(BIA) = 24

(2.7)



V9a1N15 2.6 uag 2.7 dgafimileuiude P(ANB) Asluiiloged1aazla PAMB) vas

[

ﬁqaaaammﬁmﬁ
P(ANB) = P(A|B) x P(B) (2.8)
P(ANB) = P(B|A) x P(A) (2.9)

19L97aUNITA 2.8 WAZANNISA 2.9 UYINAU Lazyinn1E1e919u09auns A lendu

AUNNITVDIN W UENTOANN1TH 2.5

2.3  danesfiuwdniug (Naive Bayes)
SanesfiuwdniudAondsludanesfiusentiondviunisswunUseiandwaaudy 3
ﬁugmmmﬂm‘waL*U59’1’3aame’?gmmmLﬂuéasmzmwﬁaﬁwma [10] 9audavesdanesiiu
NB wuussinAeldnatlunsilinlusg1isanigs Winadnedrsglidudou Sndtedsliay
wiuglun1ssuuniigs uenanisaneiviu N8 Selfuadoyadinsuindusuinidnuas

aunsadnnstulymnsianundsgnniuuraignaidla

231 Sumeuvesdanediu NB lumsdanunussanduaaudy
1) Avueld X Aowavesiinualudiefidgoinissiuunussinn uas
fvualst x Huauidnviesusasiiloegn X Jeudududndsd X =

{ x| x AoftvunluBiuaiiosnissuunyszian }
2)  ArnmaudnndureduaawduuasSwaney (Bwadilalawiy)

freEunIsh 2.10
P(C|X) = P(O) [Lxex P(x|C) (2.10)

et PCIX) Aeanutazduiiisdunana C Guaauly viodluaus)
slefidniavun () Tudua,

X ALRUBIAI I,

P(C) Aamnutnaziduvesaana C,

P(x|C) Aomnnutaziluvesin x Ailupaia C

P(C) =¢ (2.11)



199 we ARINWINA LA UAANE C,

W ADIUIUANIVUA
P(x|C) = 2x£ (2.12)
wc

187 wy e ABTIUIUAT X VirunluAaa C
3) Wisuisuanuiiaziduagiludwaauwdu PSX) Auanuuiasdui
azLduduauan PHX) 61 PS|X) 11nn77 PH|X) Tauundmaindy

Saandy Jagtnzduniundudualay

1 function NB (email) returns classification
words « List of word in email
pa_spam 1
pa_ham «— 1
for each value w of words do
pw_spam < Compute the probability of word w in spam email
7 pw_ham «— Compute the probability of word w in‘ham email
8 pa_spam «— pa_spam * pw_spam
pa_ham — pa_ham * pw_ham
PS — Compute the probability of spam using pa_spam
PH < Compute the probability of ham using pa_ham
if PS is greater than PH,
then return spam class
else
return ham class

A LY = U a =
E‘U‘VI 2.1 U@EASNEANEUYDIRaNaINU NB

PNTAgNYeIsanaIiu NB Tugun 2.1 #andu NB azAuAman1sILun
Uszanda lngagiunisfwesiiudluaiidesn1sdinuniszian @auus words 9zLAU
F18N15VIAIMUAluS LA pa_spam AeranuAuLIIsdured i ualudwaauly
@ pa_ham Aenaamnnuinasiluresrviavunluduausy w AedudazAfioglusienis
words 11157 UNagANNBAIUINYT pa_spam Wa¥ pa_ham A38N151IAT pw_spam

i < A A o = ' 2 A oo =

ANLnzlduNazial w ludwaauly way pw_ham anuuitaztluagilan w ludausy
31NTUET pw_spam wag pw_ham lupuaganludiuls pa_spam wag pa_ham A1ug1su

JuasUNNATtUBa WAIUs pa_spam Tdwinmuiasdundwasziluduaawdy PS



wazthdawls pa_ham luanaauiiagdundwaszidudwansy PH 61 PS 11nnan PH

) 1 < a a gj ) 1 [~3 =
2LUNINUUDLNAALUN URLUUTLUNINUUDLUALLTU

o a . < 14 1 o d
232  mvhanaeayniis (Laplace smoothing) liveuntgymanuuaiugianas

QU 4 1 1 o J
vaedane3iiu NB iesanfifanuunasiluvesduneiilugud

Y

aainanatd dane3iiu NB ldvguijiud (Bayes theorem) Fauduainuineey

o—

Tu dsluddesduundwanimitliusnglugadeyadmsuilndu anuuivziluasianndu

I
tY

Auddaalianuwiuglunisdunanas nsiavagayniisasdiedesiulamil Al
MIMIAT P(x|C) 1NaNnTs 2.12 Wasiunsvihalavaymiteslaaunisn 2.13

erc+(l

P(x|C) = (2.13)

wcetaxA

e P(KC) AopananiauiBuvesd x iluaana C,
Wy c ABAUIUAT X Wavsalupana g

W Apduaufvsluaaa G,

A Aesunuesdilaigaiy,

O ABN5ITLBSVRINITINIMSeU dawwinnu 1



o
unn 3

awv d 4 v
JTUIRVENLAEIVBN

3.1 msussgndlidane3iiu BPNN entssuundiuaauty

ASed [5) UszenAldaana3via BPNN (Back Propagation Neural Network)
ieduunuszinndaaudy lneneuiazthyadeyadmivilnsul Uilnuusesane3iiu BPNN
nhgadayadniulnaduludansiiunssuiunisneun1sUsediana (Pre-procession) fae
msafngaanuzuuUlULS (Binary feature extraction) wagthandnuaratnldludnngy

medanesiunswlinguiayauuuiaiiy (K-mean clustering algorithm)

3.1.1  Yuneuvesdanaifiy BPNN
lassafieiugiuresiasaidaisn (Neural Network) Useneulumietudune

(Input layer), Fudaau (Hidden layer) LLas%uLmﬁwm (Output layer) Aesy

Input Layer Hidden Layer Output Layer

< v & A o @ as
E‘L'Vl 3.1 LLﬁ@QIﬂiQﬁﬁ'NWUiWUSUaﬂu’lsaLumL'J'ﬁﬂ

Wemendmniniivangad nouwsnIwmesduasuduvasatimiinuse W
NN UIAeY kaztdoinaulutamtnauau 1 seu aswIsuiiisunanmsviunenlaiuaa

(%
1% v o

N13WEN3ogUaY 3NUUILYIINTUNTWUUEDUNSU (Back Propagation) iauUsum1 W vn
Al lnanadwsigniewIniu asvingnegstinateseuaunsenalaanuudugilunis
FuuUNAADINTs tebiinlaundu InerdinusilazeSurefiaganisiinisunsiuudaunau

(Back Propagation) waslun H1
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a | 1 A v & acf
EU'VI 3.2 LLﬂﬂ\‘i‘U']\‘ia'JusUaﬂiﬂiﬂﬁﬁqﬂwug]usllaﬂujiaLu@lﬂ?ﬂ

1) szyaisuiumesamimiinynalasnsduiaaiifatosq wusearing
-1 fla 1 ey WHL,01) iag WIH1,02) 2edaiusudimuelsf

2)  lddunpuavaniwiindiiemunsadnsiile

3) - A danatn (Eror) vesodns O1 lngldanadnsiildfusn

sy

HAAWSNTOLUAY MEduN1InelU

Errory, = Outputy, X (1 — Outputy,) X (Targety, — Qutputyy) (3.1)

1nef Errorg, ABATRANAINYBILDINNA O,
Outputo; ABAINAANS O1 Ala,
Targety, AANAANG O1 NT0LUA?

4)  UsuAruiin W(H1,01) smegunisaelill
W(H1,01) = W(H1,01) + (Errorg; X Qutputy,) (3.2)

Taeft WHL,01)' Aedmhminlwliiusuldves WH1,01),
W(H1,01) ApATNL ALY W(H1,01),
Errorg, PRFAANa1nvad1sns Of,
Outputy, ADAWASNS H1 e
5)  foundulutuneud 3 - 4 e uinARanainvaaeing 02 vie
Errorg, wazUduAmtin WH1,02) Tnsdiwdeniuesing O1
6)  semndounduiuinAuiaAianainvesdudaia (H1) nMseuImem

'
v 6 a

Aanatnlutudanuliaiunsaduinainuadnsisegudilalnenss
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wiloudutendne Jeresldrrianainanduierdnn O1 uay 02 U

AMUITDUNGUHIUALNMALN
Errory, = Outputy, (1 — Outputy,)(Errorg,W (H1,01) — Errorg,W (H1, 02))(3.3)

Tneil Errory, Ao RnNaInwes H1,
Outputy;, ADAWAANS H1 g,
Errorg, PRFAANa1nvataing Of,
W(H1,01) Aeaminwiinifsues WH1,01),
Errore, PRAAANAIAYDML89NH O2,
W(HL,02) Rerthwtinidutas WH1,02)
7 ndulufiduneud 4 LLaz‘v‘hmsﬂ%umifmﬁﬂé’auﬂé’usﬁulﬂnﬂm Tvun
duqiannsaUiusegnsiasisnisifendiu Yfuaundiayldrmadnsy
IlndiAnsiuAmadwsisoguialussduiinela Seeminansiedls

sggnintUldlunisdwunyssnnsely

312 Uss@venmwuaztednin
miﬂizqﬂmﬁf@’aﬂa?ﬁu BPNN (Back Propagation Neural Network) 484
Aol (5] WeduunussanBuaauts Tnavesiudusiluntssuuniias sgalsiom
Aeuflagyhmsiindusosindeyadmsulindudngnssuinnsiounisussunana Sufonns
nsafnauanuaziuulus wasthaudnvasiiadaldlusnndusedanesiiunsuangy
Toyauvuiaiu wariidunsunisiinduiidudounitdanediiu NB wuusais Faensonis

Weuneluaeanasyy BPNN dnviadalaiaatlunisiniuuinnineanasiy NB wuunasmal

3.2 myvsuupdanesiiu SVM wuushahvinlaglddminandanesnu KFCM
| ° a
WaN15LUNDIUGALUN
1117381 [6] vinsuFudsedane3iia SYM wuuasdmiln (Support Vector Machine)
Tngagldiminaindaneasiiu KFCM ienssiuundiuaauuy Tnefuwifaiiin SYM wuueas
Umiinily sgnelafudasnsduunuszsianiligndeansoufunaiuasuulasmesn
wiluglunsswun Muidedasimuaansuduvesiviindundn Tnemeadimingin

saa !

Sanesiiu KFCM @slsinaansinnin KPCMm



12

321 Sumeuvesdanedfiuiuiuuwesmdded
Tneialusanesfiu svM aglddmsunissawunussianuuuluwng Binary
classification) vivedaymn1ssuunUseinniia 2 aana egnslsinudanasiiu SYM Sanunse
saudaslildlatunssuunussiandeyaiifannndt 2 aana Sane3fiu SYM snzandiniy
Hyvnsduuniifideyalailvgiunn uiisurunudnuas (Feature) 1nn ndnnisddaves
Panesyiu SVM aeaglanisasadulis wiselawesinau (Hyperplane) Lﬁaaﬁ’muﬂﬁagaaaﬂ
ndu tnglaodmauiifusviuuin Sane3fiu SYM agvinsidenlawesinaufifdian

q

(Optimal Hyperplane) Tnefivdnn1sidendail

4 £ v 1 aad 1AL/ s =
JUN 3.3 uanstayasiagquunin 2 Bavaiansagnudaielaesinauivainvaiy

1nUTLLEnTeyaiIogltuuns A anunsagauUssslawosinay
NN anufdteyadiiegel 2 AmarelnaNwaza1l duA 2 ANy (Feature) Ad
X uaz Y 1ae H1, H2 wag H3 Aolaofmauiiduldlévamun ilawedinau HL, H2 woy
H3 Folawosinauiianunsoudsdoyasenanduldiomn dsdaneifiu SYM azvhnisden
lawefiwauiiafian (Optimal Hyperplane) lngfiarsanitlawosinaudulafidnasinves
syogissznnadulaiedinauiuidunsefianiiudeyavesusazaaailndianuazidunse
furunuiuidulaeiinawnniian fessesheiuniianveusaslawefinautiargnizeniy

win@Tuan33u (Maximum Margin)
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Maximum Support
- margin vector

Y

P~ | 't A % ) | Aa
JUN 34 uanslawefinauifinanvostoyadiagisuunsiv 2 17

NgUTULSanesTin SYM audentawesmau H2 lulawesinauinfan

voslayarieg1ell esnlawesimay H2 Tulnd@iuunsu (Maximum Margin) 1nfign

U

Aslaweiinauw H2 dszegvinsvesdulawasimauliaududunsianiiudeyailnanan

9

unnndnleesia H1 uaz H3 Sagnidenilulaosinauiliian wazazisondeyaiilnddign
ﬁagﬂiumﬁummﬁuﬁmmuﬁ’uLﬁulaLﬂﬂiLwaumwﬂﬁqmw%’wwa%mnmmai‘ (Support Vector)
Nnsegsiesunstwuaruniseniiedslunsaldeyaidudeyaidady etrslsna
Fane3diu SVM anunsaldiudeyanliiduteyadadulilagldnisusudaunis Fasend

FBnsmesiua (Kernel) MsdauwunUssinndeyaniodane3inu SYM Talaussansaingeiu

[

wdoufenldinesiuailandu (Kemel Function) imngauiulgmviiednuurvesieya

fu AV o ¥ 1

s susunniiwesvesdanatiin SYM lagiluinesiuaileiduniiniusuazgnldetig

Y
¥

wnsHaneLtu Polynomial, Sigmoid way Radial sy dseuidedasldimesiuaindudu
a . = 1Y) ) v a v a

IsWgu (Radial) Fammzaududanuazanwasdoyalunuidednnian

fane3fiu WSVM (Weighted Support Vector Machine) #3asanaiiiu SVM
wuuaniln Wunisuuugedanasiin SYM Tildnaansanuudugiunniulaeiusonys
Ailiaradmidn lagdidnsnisduundseianiagerivesdiudsaiaiminivanas I
ganasfiy WSVM aglderidminaindanaiiy KPCM suidedazusulgedanaiiy SYM
wuuawdndn (WSVM) lagagldadminaindanasiiy KFCM unuadmtinainganasiy

saa 1

KPCM &9A1d111ina1neanasfny KFCM TAuadws i ni1a1dmdnaindana3iy KPCM

(%
a

3 v a = d‘ (% a v Q’lj v 1
GU'UG]E]‘U“UENE]&ﬂ@iVINV]UiUUEQGUEJNWU'JQEJ‘LlLLﬁ@Q@QG]@l‘UU
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1) SuAtenasluneueduvsnd

2)  sApodiuaileidu (Kemel Function) Wulsiieu (Radial) wagilndy
DTM d1msun13aitiiunis SYM

3)  AUINEATINITYINUNVIDANDINN SVM

) Fenaediuaileidu (Kemel Function) Wiusifeu (Radial) uwazilndy
DTM d1m5un13aiiun1s WSVM

5) AUIMNEATINITIINUI89899anD37IN WSVM

6) ldilsiduvosdanesiiu KFCM weduiminuasihdminilafiuals
Tuduus S

7) Adshudsimin s lusane3fiy WsUM

8)  ajunaiile wasAiuinensInIsvinung

322  UssdvBnmuasdediin
n15UFuUTe9an039N SYM wuugedanin (Support Vector Machine) 1ag

2¢19U 1NN aNa5 AU KFCM Wi an153164UNDsuaaRUY [6] @14150808RS1N15376UN

ala

UszlAni danaialauinnia SYM LuusIsuai wag SVM Luua9u1uiln ag19lsn ey

¥
a = = a 4 4

danesnutiaudugeutarltiianuinninganasiy NB wuuaau wagidnnueinlunis

USudsaunla

[ - a 2 o) a d °
3.3 nsdFuudanaivia NB Taensledaneiiiu PSO ivensduunduaaul

NI [7] vinsuiuuTedanainiu NB nenislddanasfiu PSO (Particle Swarm

'
a = =

Optimization) tWan 153 kUAUTELANBINAaRUY  and37iu NB Avdanasiuilalunis
FuunUsziandialagddugiuainasuuiosiulunguiug daudanesiu PSO 1Ju

anosNuNYNUlUGNBUZ U WA UNANER

q

) [y} a o o av &

331  Yunouvasdanenunuiuljivesideil
luduilavveaSursuadanaiyiu PSO 1H9991n18azLdunLazTUABUNNT
91uvesdanaiiiu NB lagneSuialiluund 2 vesine inusiuas dane3iu PSO wse

Particle Swarm Optimization \Judane3fiufildmenauiaianveslam deuldlunism

'
a1 o

39AEe (Minimum Point) Tunsmsnge Nazdawalraunisnsmilaisian lneduseaiuna

lananmamemnsvesliun lngunusazdilugsazgnunumesuynia (Particle) azaunia

Y

wAazAIRzilAFIue (Position) wazAITuLEY (Velocity) FaAdIuiiavesennInvzgnuiiug

Y

ATUINNAIAILWLNZAY (Fitness Value) N1UBNDe588E11949098UN1AN LR I811MITUTE
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' '
aaa 1 $% a1 U o

YU UNATUAINBUNANERN BUNIALAaYAIEdAT Pbest ABAAILMUINANEAYEY

4 ] a
b4

pumadtuiioglndfnauantian dauen Gbest Aeusiinfianveseyniationun Tu
uiazsaUNSTIUYeIsaneiiu PSO aynausaziazUsuasuArumislngldan Pbest
uay Ghest 1udadelunmadsusumindieliidlndfnouiiafian duneuvesdanediu
PSO wanadall

1) fvunsiuaueumaTeNawiniy | duiumi (Position) wazAas)

(Velocity) Bushiluusazeunia
Xi = (Xi1, Xiz, -+ Xiq) (3.49)

lgdl X, ADAIAILVILIYEIBUMARIT |,
d Aedwutifveslom,

X AOAIPNLMISYBIBUNARLT | LuilA%l d
Vi = (vil'viZ' 4oy vid) (35)

log?l V; Aoanusiveseunianai i,
d Aodnnuiinvssdam,
Vi ABAeseuafaf | Tulan d

2)  ewaAANUmian (Fitness Value) vaseuniannsa fx) ngly

q

| '
a

aun1sveslymndesnismaansiifan Weneynanllanamnumngas

'
o

sitgeaniAulAlusus min()

3)  §IANAUIINIZALYEY Gbest 158 f(Gbest) 1NATIAT min(f) azunudl
A1 f(Gbest) sg min(f)

4)  9UneY Pbest YasauMIALAazeAd 01A1AULMINEENYDY Pbest 150
A f(Xipest) mmdwﬁwmmmmzamaqﬁwmeﬂwﬂ’umaﬂawmﬂﬁafu
W39 f(X) lfunuiien Pbest Guaﬂaymﬂﬁaﬁ?ué’aam X

5 dUwarnusivetusazeunta Ineruinasludsigaunisi 3.6
V) = wV; + ¢;r; (Pbest; — X;) + c 1, (Gbest — X;) (3.6)

lng@l V' fepnuisilvlveseuniadii i,

w ApAmtnusudes (nertia Weight) finnsunwdy 1,
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L uaE C, AoArAsilaeshluiiandy 2,

r A% 1, ﬁa&ht,aéuﬁgﬂajmwdw 0-1,
Pbest. ﬁamﬁ%mmﬁﬁﬁqmaaamm i,

X; ﬁamﬁ‘mmﬁwaaaumﬂé’aﬁ i,

Gbest AoAriuviisiiffignuesoymeiiavin

6)  anA w S28EINT 3.7
wW=wXr (2.7)

lpgw r Aemauililvim w anas Inmvuarmiosndn 0 19w 0.99

7). dUendwiuniaveusiaraunAfaInNIT 3.8
X =X, +V/ (3.8)

Toed X ﬁaﬂ'wﬁLmﬂﬂmisuaaaumﬂéhﬁ )
X; ﬁa@iwh,mmsuaqaqmﬂé‘aﬁ i,
vV, ﬁamwm%‘ﬂmiﬁuaaagnmﬁaﬁ i
8) - mnivlumudeuluraldd dovleladeulanidsasaunnsviauves
Fanesiiu PSO fasthnunduluvhduneudt 2
Fouledi 1: fn f(Gbest) ouniwsewiniua tolerance firmunliigu
farunen tolerance Windu 10 ddq fiGbest) Tuseudutiosnivie
WiNAY 107 983UNISYINIIUYLANDINL SVM
Foulvil 2: aﬁ’wu’ausmﬂ,um'i‘v‘hsgwLmﬁ’uﬁwmusauqaqmﬁﬁmumﬁf&u
Fmuaiuauseugaaaldf 1000 sev Liedesoud 1000 aruANS
NUVDIDANDINY SVM
Fouledl 3: 861 fGbest) luanasndsansoudimuualiidy frvus
soulumsvganouimuadu 500 ndsanseuil 500 &A1 fGbest) sl
AAANALAUNTIINIUBIEANDITN SVM
MuATeteldsane3iiu PSO Wieiulsvansammnsiweslusanesiiu NB
iousuugsanuusiug1vesdanadiiu NB Iuindu Tnsazuesinduisnundueyaia
Tunouvesdaneifuiiuiulsmosnuideiuansdetelud
1) wsandwatugdiuutoniy

2)  ihdwaldididnszuaunisneunisuseulana (Pre-procession)
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3)  Ussendldduneuneunisuszuianafienisiileglugulnau

(Tokenization) wagfinA
a) 14 CFS iievhnsidennudnua (Feature selection)
5)  14ane3iiu NB iienanuasnruniazidy
6) 1¥sane3iiu PSO Lleifiuuszansnm
7 winderansdurednfuaundannnd Suadurrgniiansan

1 < = a 5 a 1 I3 a a A A
NUUBLLAALUN HRzUUITNINTUIINUUBLLAUNFANTDDLUALEYN

[Y)

332  Ussdvsnnuazdadnin
nsUsuUseanediiu NB uuudufnlasnisldsanesfiu PSO vide Particle

Swarm Optimization tfi 81158 IwuAUsZAANS Waawly [7] nani1snaaoauandlediiudi
Sanesviuilfimnuusiugrannnindanasiia NB wald eghslsinunissan PSO fu N8 T4an

Tunsiniuuaznageuan FuluwuuinaesifianududouatasentunisuilunarUsulse

3.4 myduunnguAnudnluinuunszauaunu lngldnaiiamviiesdeninu

Y

Al [11] vinisneaesdSeuiisuUsedvinneesdana3viu NB, maseuiaulyd

v a

Andula (Decision Tree Learning) wazdanaifiy KNN (K-Nearest Neighbors) laan151i1
é’aaa%ﬁuﬁy’ﬂammﬁwmwmaaw"wLL‘uﬂﬂaq'm-ﬁ"]mmé’miuﬁauuﬂszmuauwm lududlazedue
uAmadsudiulidndulauasSanaifin KNN HesnnsgesiBunuasduneunisiauyes
Saneditu NB agnesuteliluunil 2 vedineninudiuda
nsseudiuldiadulareSnsSeuiuuuiidaeu (Supervised Learing) Aldialuly

n1svinmiiesdeya (Data Mining), afif (Statistics) WazuusTuidsuil (Machine Learning)

¥ a =

nsseuisulddeduladidmingiieasisiuldsndula (Decision Tree) ialdlunisduwun

a= v a

Usziandoya Fedanesiunldlunisaidulddaiulaveniisufedanesiiu D3 (terative

Dichotomiser 3) wazdanaifiy C4.5 1uideillulaszyinlvdanaiiiulalunisadeduld

1%
v a a [

fnaula fesuwInendnusiazesuiedanasnunieultlunisasresulisnduls 2 oanasiu

wanlawn dane3iiu ID3 uardane3fiu C4.5 wisliiunmdnaugdeluiluaniiogemulil

'
[

snaulantdlunisduunuszinngnned, antelas wazdngauq
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1 1ails

Untin 2.7
nsu

€

=D

WU

d o 1 e Yy a g Yo (3 a (% =
JUN 35 uanwnegwuliidndulanldduungnnedn, anles waringaue

31n3Usuuulnuednd sufsluunnuadnyuevesteya (Attribute Node) baun

[

AANYAUEIIANTIND, AMANYAERINUIN, Andnyarvn 2.7 N3 IngRuanuaeiavun

9 q

1 = I~ *

fanniloudufslduazlily TnunisnaudelnunAinay (Leaf Node) MUudIssynanis

'
v A

PuunUszinndeyalaun gnnedn, antas wayingaug

q

9ana37y ID3 wardanasnu C4.5 Avdanasnunlslunisasrenuldaulamialelunis

PuunUssinndoya lagdane3fia C4.5 imuaNdanasiiy ID3 dane3iiunaesiiniy

v LY

l 1Y) & a e v ° 1 v 2 £ A
LANMNINAUAIU DANBINU ID3 ﬂ%l‘ﬁﬂ?iﬂ’]ﬂ’]ﬂJﬂ’]LﬂUﬂ’ﬂNE (Information Gain) I‘Uﬂ'ﬁLa’e}ﬂ

'
al

o ° = A ° v a i A o a Yo \
AasENwlgAd A ianfianusadunlaunniianneu luruendanasny C4.5 aglddnsnau
LU (Gain Radio) utnausilunisiden ensidrunuazaneuddamniuddesdunisiden
AadnyazvesnnuaLild Inevdwinnisassiulifnaulasuesedu dane3fiu C4.5
N3 Pruning auld@naulafitlaameisns Pessimistic Pruning &eagyinlvinuldanaulaiilad

[ a U a e P 1o [ (Y o val
YWIALENAY LT99INNYN158nFula (Decision Rule) #iliidAnyazgndineen vinlvdaay
wlugLANTUINDAND3NN ID3 TUADUVDIANDINN ID3 LWazdana3viu C4.5 uandnsil

1) dana3ny ID3 AIUANUANNIYBIRMAN BETIIAMEaNN1T 3.9 Tuvny

a
i

[y

NO37IU C4.5 AgAuIMSRTIAILLNUAEENNST 3.10
IG(I,A) = Entropy(I) — Remainder(l,A) (3.9)

lngf IGILA) AoANUANLIVBIAMAN YL A,
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Entropy(l) AiedneulnsUvesnsaliiegnougnuuswienaenune A,

Remainder(l,A) AanasiuALeulnsUndnsaliegisgnuiaienuanume A

IG(1,A)
SplitEntropy(1,A)

GR(I,A) = (3.10)
1ng# GR(,A) FlRdnsIduNUveIRainyn A,
IG(,A) FlRANNUANIVBIRINYEY A,

SplitEntropy(l,A) ﬁaml,auimﬁsuaqmﬁLﬂulﬂlé’ﬁwmsuaa@mé’ﬂww A

'
o w =

2) aenAnanuneNd1AyAan Wnedanesi ID3 agdananAuanyMgidaLnY

LA} q

[y 1

muFinndign luvaiziisaneiiiu C4.5 szidonaudnunrsnsdunuanniign
ey luaihaluun
3) wisnsdimegndlumiiululiiomavesnadnuasiignden
q) vhirduseudl 1 - 3 auldivdensdfegaiisuunlilédn
5) awsdanesfiu Ca.5 avvhdunoui 5 AetuReyinis Pessimistic Pruning fuls
dndulafilel
Sanne3fiu KNN (K-Nearest Neighbors) Aedanasiufildlunissiuundszunn neld
flafduuszzma (Distance Function) iiterdushsvymundnefuvesteyaiiodnuunyssian
Tneileridusosmefitenl fsnilsfetlsddussegnauuugadn (Fuclidean Distance) fusau
y038aNeTTiN KNN wansisd
1) Aamunad K fesaunuiiouduiilndifafidesnisden (Nearest Neighbors) Ly
AU K @iy 5
2) FunnszsseLUERAATeINSEiF et M
3) \donnsdiMogsiiimszeynsgadamfigadusiuaumiriuen K Afmuali
9) Suundssanendssdannuasnsdiesaiignidenainduneud 3
mimaaﬂumu‘iﬁaﬁlﬁiazé’aﬂ@%ﬁmsgﬂmaauﬁwmiﬁﬁ K-Fold Cross Validation
fRensudadeyaidudiugaudifesnis wudiagyia 5-Fold Cross Validation Teyaazgn
wiadu 5 du doya 1 dmegliiiuyateyadmiunaaoy wazdruiivaoziduyadeya
dmsuiinduluusazseu ilelfidlaunnduazeSunenisvi 5-Fold Cross Validation auyf
d’l%’agﬂaﬁu’wmﬁgﬂum@aﬂﬂu 5 dwdie {1,2,3,4,5) agvinisnageunisinuundsziandeya
yasvanesulaadusuau 5 seumudiuiu Fold
soUf 1: YadayadmIUNNNuAL {1,2,3,4} wagyndeyadmiunaaaune {5}

¥ o U =¥ ¥ o

saUN 2: Yadeuad wiunHuAe {1,2,3,5) Lavyadeyadmiunaaeufe {4}

Y
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J9UN 3: YadeyadmiUlndupe {1,2,4,5) uavynadeyad miunaaeaufe {3}

[ o

soUN 4: Yadeyadmiuindupe {1,3,4,5) uavyadeyad munaasufe {2}

JOUN 5: Yadeyad miulndupe {2,3,4,5) uavynadeyadniunaasude {1}

WaNAADUATUINY 5 59U AztANULIUgINlaluLsazTauLIvAaaY talduA1AIu

uiugLad s8I ane I iU Ug N lA91nN1591 K-Fold Cross Validation Lazdiaasusugn

a av v = = A o a a ° i o as=
Lﬂaﬂmlﬂu&nL‘UﬁEJ‘UW]EJULW@?ﬂﬂﬁgﬁWﬁﬂWWI‘Uﬂ'ﬁﬂﬁlLL‘Nﬂ‘Uﬁ%LﬂV]sUaQLL@]ﬁgaﬁﬂ@?V]ll

3.4.1

¥
()

JuppumMIvadauUsEansamsanasiin NB, msGeuiaulidndule uay

9ana39u KNN va3911398d

1)

2)

3)

UrgemnaInnauain1dliigagnssuiunisnaunsussuIana (Pre-

procession)

1.1) e (Word Segrmentation) #s1113 e ilélusunsudndln
(Thai Lexeme Tokenizer : LexTo) lun1saaain1enlne lag
Tusunsufiagldndnnisiuisuisuiienitgadidlunayns
nlnglulsunsudiednsoenun

12)  M3AsnAIngn (Stop-Word Removal) Aan1sinsadadi Laidl
ANNdIAgeen Ameatunwvelann Aywuy, Ardusiy, M
AN, ANLANA] LavANgNIU

1.3)  m19usIndnd (Stem) Tlunwlnglanismsindnsilaeis sy
AdEnTiRdaumneedesuliidusndwit wazdniivainds
WethluSaudisusindng

v

18) nsadeiaiiddy (ndexing uldeidldnisadraiadde
éwﬁ“zﬂmmimﬁﬁmﬁﬂgﬂquﬁ%ﬁ'm 1978 TFIDF-Weighting
(Term Frequency Inverse Document Frequency)

1.5) n1sidenAuauds (Feature selection) a3 1anuaudalvdain

AnuaNTRLAL HenlarnyauaTRTiddnyY

1%
=]

afauuuiasaiielivaaoumsiuunnguioninu sAdeilazvaaey
n3uunngutenI1ui1835 K-Fold Cross Validation dsfvualy 3
K-Fold ﬁqﬁ?u 10-Fold, 15-Fold wag 20-Fold neaasuuluswnsy Weka
(Waikato Environment for Knowledge Analysis)

WisuimeuUseanSannsiuunUszinnvesdane3iu NB, n1siseus

aulddnaula wazdanasyiu KNN
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< Y vy v o/
342  wamveasuielIsuiisuvadaneiiiu NB, nsissuineulidndule uay
dane3viu KNN

aw & Y Y a = = a a
HaNSNAaBIYeINWITellandliliuIganasyiu KNN dusgansninlunns

'
aaa

Iuunnguiausnludfvunsemsaunuunian tnean k NRgavesdanaifiu KNN e 3
wazN15911 K-Fold Cross Validation Milvinaanwsnangafe 15-Fold Cross Validation

q

35  masuifisulszdnBamuesnisdiuunvineavyvesdefnwiuly

wuugeunmUmeiln lagdaneifiu NB uasdane3iu SYM

iddeil [12) vhmsneaeaUIsuiisulszAnsainvesdaneiiu NB uazdaneiiiu
SVM (Support Vector Machine) Ingnsnaaessnuunyuinvyvestefniulubuuaeuaiy
Uaneidn Liosandaneiiu NB IdgnesunsesanBenluund 2 vosineriinusiunda uay
Fane3iiu SWM legneduisliuduturiulunuideisosmsuiudedaneifiu SUM uuuaas
dwiinlegliintinandanesfiu KFM wiensduunduaandy fafulududaslildideu
osuneAeaiudanesiiu NB wazsane3iin svM sniddeilldandeyaildaniuuasuniuizes
AnwARiuTideantunsAnslnesinnassuaziontuves sEasuluamngame Tu
mMavnaesyndeyasvgnuuaiu 2 diupegndeuadmsulniunaryadouadmiunaaeusie
dndu 80% : 20% Aeyndeyad mIUNARY 80 diusayaveyadmsunagey 20 du uag
wmwyjmaﬁaﬁ@Lﬁu%ai’mumflul,%waﬂ, A Lagau

yadoyailiianun 1uidedlfiAununudeyaiesinnisiuuuaeuan 400 atiu
TngduNauA19E19 400 AUTINUIETUNIAUNFITINT A TABIUUABUANNT SVIATE LTS
I Jugadeyariomn 8 galdun wndoyadusmvesantuniady, yadeyadiusinies

1% Y Y

an1duniatenyy, Indeyariuaniunivesaniduninsy, yndetaniuaniunivesanivu

Y

U ¥

AALENTY, Yadeyan1uAIuIkasTinye lasuvesaaIiuniesy, yatoyaniuaiuiuag
Winweilasurasandunimenay, Yadoyanuanusansuludinuvedanituninsy wazyn
Jayaruaugeuiuludiruvasantunaenyy
N15TAUTEANSANTENINANINY NB wagdanainu SYM azldn1sinuuy F-
= v aa [} v a e o ! a1 1 !
measure Fadunsianfeudmiudanesnumsiunusean A1 F-measure 3lA19g51Ne
< oA Y1 asx I a a a o val i '
0 - 1 \JuAnvenlaindanesiutugiussaniannsduunysennlaaualiy n15agmen
F-measure 9A8IAIUIUNIAT Precision kawA1 Recall now aun1ssaluiuaninisman

Precision, Recall ag@A1 F-measure

TP
T TP+FP

(3.11)



22

Tag?l P AaAn Precision,
TP Aodwaunsalfitegeiinuegnuasaataianla,

FP A991U3UNSMA10819NYNUeRnvaInaanaula

TP

= TP+FN (3.12)
Tne9 R ApAn Recall,
TP Aodwaunsaliegeiinuegnuesaataianla,
FN AB91U3UNSUA089NVITNIERAYDIAANED Y
F=2E (3.13)

T P+R

lpg#l F Aigen F-measure dlAnegsyning 0 - 1,
P Paf Precision,

R AaA Recall

351  fupsunismadeuUszansnsyninedaneiiiu NB wardanesfiu SVM veq
aAdei
1) msidonAuant® (Feature selection) Hvaaiuanyavayadinsy
Anrupvinisdenfiifinaseainsiwunuszny wassaiiliinasde
nsduunUssinndeyaoen Tasvinnuduneudsil nadadi (Word
Segmentation), NSRRI A (Stop-Word Removal), N1311310
Ann (Stem) wazn13a519AvtA1dAgY (Indexing)
2) WSEUWguUTEENS AN 15T M UNUSELNNUR98anes 1l NB uag

dano3iy SVM 1agia1sainannal F-measure Ua979d099ana3 9y

A 1 QU - QU -\
352  Wan1svnasulallIuuieussninedanasyiu NB wasoana3yiu SYM
NANINAABIYNIWITEHuandbiiuINdana3fiy SYM fiA1 F-measure g

1 £ =

583 0.903 - 0.963 lugadoyauuuasunuaTwAnTufiTideantumsAnminefinnasy
wazionTusia 4 fu (Frusian, fuanud, funnuduasinueildsu uasduauseusy
Tudsa) luvnzd dane3fiu NB A1 F-measure 8¢/5¢11719 0.719 - 0.835 LHulATAd
Fane3flu SYM e F-measure fisnnnindanediu NB dsiuisanusaaguldindaneivi
SVM ﬁﬂﬁs?{%%ﬂﬁWhﬂﬁﬁﬁLLuﬂwmwaﬂ'maﬁaﬁmLﬁuﬁﬁﬁaamﬁumaﬁwﬂmlm%amﬂ,

nandkavaulINnitganesiiu NB luyedayaninudniumaie
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NUINBNNBINITUIVURN

4.1 a3y AWF-NB

9ane3iu AWF-NB [8] Apa1uidenvinsuTuuieganesiiu NB wuudLALmeniIsan

AnudIRgasilunataniinudnsenNdAya1nIT Tnedadunazunlymndanasiy

NB azusrvnafiauddgwiivlusaazaata diluanuduasslildiduguiunnnsd

= & a A o LY a =2 S a
GNL"(JULLU’J?’IWLLaS{jﬁyﬁ’MUWﬁu&LQﬁ’]ManﬁﬂaﬁwﬁJ NB LUUfaLA

4.1.1

JunauYIdanasniu AWF-NB lunissuunussinndwaany

1)

ANPUALA X ABLYAVDIAININUALUD LUATADINITTILUNUTELAN WAL

i
a

Aunli x \uandnvdeusazAluen X Weowdudydneeadl X =
{x | x Aofwrmunlubuaiifonissuuntszian }
AruuAuutaviduresdn x ludwaauun P(x|S) wagAuiaAIm
Urazdurasd x ludwausy PogH) Tneldaunsi 2.12
WIgUgusENINg P(x|S) ke PH) dlasiiA1aendilazgnunuen
Feanns 4.1 8nfegatuin P(x|S) 1ANTT Px|H) azunuen PH)
feaun1sf 4.1 uag Px(S) Sansaiaulidsuutas wandifiuind
x Tupana S (Braanuy) IrudrAguinnanal x Tuaaa H (Buausw)
Faiu PxH) T3aa3n nanenuddgas wazd AouuiAavdnues
9ano3 NN AWF-NB LLsiei1 PH) 41nAa1 P(X|S) agnua P(x|S) Aag

AUn157 4.1 uaz PoH) Sansaiu
1
P(x|C) = (4.1)
e PK|C) Aommunaziluvesd x Mumana C,

C Aopananilnmudfgtosnin,

we ABTIUINA LAl UAaNE C
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) vhalutuneud 2 - 3 wleman PS) waz PixH) Wnadlusiianua fife
aummaauﬁwﬁgwmLﬁaammméﬁﬁiymaaﬁﬂuﬂmaﬁﬁmmﬁﬁmﬁasJ
N7

5) 14 Px[S) wae PixH) Aldluudazdiiefuiuanuiinzduiasdy
Suaauty PSX) fuanuutazidudiazidudwawen PHX) Tngld
aun1sf 2.10

6) 81 P(S]X) 11nn31 PH|X) Suundaindudiuaguuy favthzduun
Tdudinausy

doliidlannuunnsaseniidanesiiu AWF-NB wazsane3fia NB wuu

a a

Wi meinusiaziansliiufuneuvedanesiin AWF-NB Nigniiuaindanasiiu NB

Dee

[

suagyinsUsudsuannsiaiionvesdanesiu NB Tugun 2.1 Tiidusiaiiounes
danesiiu AWF-NB 13ua1nn1sslasuussiiagi 1 9e33ui 2.1 W “function AWF-NB (email)
returns classification” filouNIAAIFWIVHAlUTUN 4.1 T8T1UTTNAN 7 Uazusviag 8

Yo93U9 2.1 sslibusiaiiouuuuanysaluedanasiu AWF-NB wandluzun 4.2

if pw_ham is less than pw_spam and pw_ham isn’'t equal to 0
then reducing the importance of pw_ham

else if pw_spam is less than pw_ham and pw_spam isn’t equal to 0
then reducing the importance of pw_spam

J 1 U al U a =
JUN 41 uansusEnUYeIIRELNENYDIDaNas NI AWF-NB
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=

function AWF-NB (email) returns classification
words « List of word in email
3 pa_spam < 1
pa_ham — 1
for each value w of words do
pw_spam «— Compute the probability of word w in spam email
7 pw_ham — Compute the probability of word w in ham email
8 if pw_ham is less than pw_spam and pw_ham isn’'t equal to 0
then reducing the importance of pw_ham
else if pw_spam is less than pw_ham and pw_spam isn’t equal to 0

11 then reducing the importance of pw_spam
12 pa_spam «— pa_spam * pw_spam
13 pa_ham — pa_ham * pw_ham

PS — Compute the probability of spam using pa_spam
PH — Compute the probability of ham using pa_ham
if PS is greater than PH,
then return spam class
else
return ham class

A o = v a =
JUN 4.2 LEAAIITVEYIYNUDIDANDIVIN AWF-NB

NnsviaLTiEnveIdaneiiia AWF-NB Tugudl 4.1 flafdu AWF-NB azfudma
MsduunUszLavdiae Tasassumnsiimesidudiuaiidesnissauunyszam fuus words
wifiusemsvesdvimualudli fauds pa_spam Aenagainiuinasdunesdiavmely
Suaauuyl du pa_ham Aenaguaisinagfuresdomeludiuousy w Aofusazend

o P

9¢/lus18n13 words Y1N151UgUNALALNEAIUIMM pa_spam WAy pa_ham FenauuLsnae

al

1 1 [ PN a o a 1 ) =
AT pw_spam ANuUIazidunagial w ludwaauly wag pw_ham arsnazidunazd
° = 1 = o &
A w Tudwalsy uinsgeuReuleadl
1) - Heoulaf 1:61 pw_ham Uesndn pw_spam waz pw_ham ldvindu 0
TtannudAeues pw ham
2)  Woulad 2: 61 pw_spam UenI pw_ham az pw_spam Luvindu
0 TanAud1AYUee pw_spam
YU pw_spam kar pw_ham luamuazanludiuys pa_spam way
o o [ a Y o 1 Id Aa
pa_ham sua1suauAsunNATtuBa WALUs pa_spam luAwaanuazdundwas
Wudwaaudu PS waziduds pa_ham luanaauiazsdunduwaasiuduansy PH

81 PS 17nn71 PH azdunIduduasanly faztuasdnunindusiuansy
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412  UssgnaldmaviraUanvayniisiudanaiiiu AWF-NB

audlaesurgliindanesfin NB wuuawdufitymanuutaziusianiu

'
a a

Aud lunsalndarveailuduanaaeuniediuandeanisdnuunussnn Lileglugadaya

Y

(%
a0

dwsuilndu faduranuazdudafiandugud dealiuuiudianaaiesanltannsa
Fuundssavduald Wedane3iu AWF-NB USuusmnndanaifiu NB druisanslinig
yhanawayniadudeatu Tunsmnaesaleduneuvesdanaifiu AWF-NB fisossudsy
Lﬁasmmav‘hawﬂawawﬁaﬁa%umauﬁ 2 uag 3

Funoudl 2 :nmsme Pi|S) uay Pi(H) IhasulUldaunsd 2.13 Fadu
aumsfisunsharawaymiiudn

L2 ¥ 1

Tuppudl 3 LefAsin1sanmudAgesAturatanilamudAgtosnin T

o

\Waguanaun1si 4.1 wnldaunisn 4.2 Baduaumsnsaunisinandaigaymis

1+a

P(x|C) = (4.2)

wcetaxA
10871 PKC) Aoasunaziluresdl x Mdumana C,
we ABINUINAYINA L UARNE C,
A fAaduIuYasr kg,

O AaW51TwasvaInIsyintmsey daAwinnu 1

4.13  UssBvBamuastedfin
NUUIAAENUALTURDUYDITANDTIN AWF-NB 1935n15U5uUTedane3iiy

NB wuusdhnegsdesaslidutauiieisannnuddguetdinegluaaiaidAytoandn

<

Weaniarsaailunisaiunig danesin AWF-NB feasldiiarlunisaidunisednesiniia

1Y

wilaudanesfiu NB wuuauiy ag1slsinumsananudidguesrilunataninanugifgy

o

UosnI1aeeg Nl svdinalianuliuginnastunsalfanudidgyvosrlulnazaana

(%
[ [y

upnAsiuiesantesmintu wazinAedaymndAeuetwanaiviu AWF-NB
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1Y

anunlaasureUaingluunindl oanasiu AWF-NB [8] ity m‘ﬁﬁwﬁ’ Feazasunely

=

Unil maamu%%mnﬁﬁwmmaﬂmmasmLauamaaaﬂaiw RIWE-NB U mwé’wﬁ’maq

danas3yiu AWF-NB ‘U‘LJﬂa ’f]zummmLme‘mamaqLuaamﬂmiammmam ‘U@Qﬂ’ﬂﬂﬂﬁ’]ﬂ%

Nﬂ’)’]ﬂJﬁ’]ﬂQJ,LLG]ﬂG]NﬂuL‘WEJ\‘iLaﬂu?JEJ

1 o < 2| [ ° da
5.1 ﬂigvﬂﬂ’)'lllLLSJ‘L!EI’Wlaﬂa\‘II,uil\‘l'il'lﬂﬂﬁﬁﬂﬂ’l"llla'lﬂfg'ui)\‘lﬂ'l‘luﬂﬁ'lﬁ‘l’m

anudAguanasuiissdniosvewanasiiu AWF-NB

muiildosuneunAavdnvesdanesiiu AWF-NB Tuuniiués sana3iiu AWF-NB 9zan
audfvesrilunanaii dnnud 1y esninaes1euin freg1auay duuRi1siuIue
foualunata S WA 47 Away H Wiy 60 ¢ Sauaudn x lusiaaudamiaiu 20 f
$1uauen x ludwaueuviAu 19 f Fadu PKJS) Wiy 0.43, PJH) windu 0.32 lunsdlid
Sanesfin AWF-NB azan P(H) JadAntosndn P((S) livde 0.02 Tngunudn P(xH) fe
aunsil 4.1 suiudinisnseviilldaneiud e x luaatd H wie P(x|H) a38e1931n
Tuwauedi PxH) wag PS) firsssuiieadndosiaty ﬁﬁammmaquzymmwmmué’ﬁﬁ
anasludanesfiu AWFNB i olfiFun iy Sneadnusiazuandunounissuun
Usziandiuavesdanasiin AWF-NB laglifldnmainavawayvislunisanainuainudfey

o ¥

299A MUPANENHANNAIALBYNIIRINN TR AL

o

A U ¥ o U =% = v 1 dl
19719 5.1 aﬂwmzéqma;gammwlﬂNuéuaaﬂsiumamwmemmmmﬁmmmm

wiUENanaIUDIDaNasiu AWF-NB

M SwauAlupana S d1uaurilurang H 5
X 20 19 39
y 15 31 46
z 12 10 22
93U a7 60 107

AT 6.1 auyRindanmualuyadeyadmIulnduiliaue 3 A1fed x, A1y
wagAn z PuauAmisunlugadeyad miulndwwindu 107 wiaduduiluduwaauys

(MA@ S) 47 A1 wazduIuATLdALEY (AaNd H) 60 A1 31uue x Mbudwaanly 20 @,
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1w x Mbuduawey 19 M, S1waud y Mdudwaaudu 15 /1, S1uaua y idudua

ey 31 A, 31uauAn z IduBwaaudy 12 i, Suiudt z Idudwawsu 10 A1 wazasd

dwanlinegeutludiaunsy uazdwaiusenaulumiedn x, A1y wagA z TuneuniTan

AUANAYVOITANDINU AWF-NB LI UNUIZLANDLUALAAIAIL

1)

5)

Aud P(xS) (muiaztluvesan x A8lumraia S) uay PH) (Amu1azidu

9991 x NluAaa H) Ingloaunisn 2.12

P(x|S) = g = 0.43 (5.1)

P(x|H) = g = 0.32 (5.2)
WIBULTBUIZNIN PX|S) Waz P(x|H) Wuin P(H) 0.32 Ue8n3n P(x|S) 0.43 fatiu
P(x|H) azgnumuA ieaunisi 4.1 nadnéiilduansluannisit 5.3 @ PK(S) &
L ALYLAY

P(x|H) = = =0.02 (5.3)
Ay Ply[S) (mnainaniduvesd y Aifflupana S) wag Ply|H) (Aauuazdu

vaeA y Aidlupana H) Tngldaunisi 2.12

P(IS) =2 =032 (5.4)

47

PYIH) =2 =052 (5.5)

WIsUEUTEINg P(y|S) thag P(y|H) wudn Ply|S) 0.32 tieanin Ply|H) 0.52 fsilu
P(y|S) azgnunuAdeannisil 4.1 nadnédilauansluanunisil 5.6 daw PlyH)

LALN AL
P(y|S) = % =0.02 (5.6)

Aud P(Z|S) (mmiaziluvesdn z A8lumraia S) uay P(zH) (Aiazidu

999A1 z NilumAaa H) Inelaaunisn 2.12
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PzIS) =2 =026 (5.7)

47

P(z|H) = g =0.17 (5.8)
6) USHUMBUTENINN P(Z|S) waz P(z|H) wuin P(z]H) 0.17 dYaenin P(z|S) 0.26 ety
P(z|H) azgaunuaseaunsf 4.1 wadwsilduandluaunisi 5.9 @ P[S) &

YLAWNLAY
P(z|H) = % = 0.02 (5.9)

7 arlddtenuadad PK(S) = 0.43, POJH* = 0.02, Py|S)* = 0.02, P(y|H) = 0.52,

'
o

P(z|S) = 0.26 Wy P(z|H)* = 0.02 A1AVILATOINLIY * AoAaanilaudIALys
nuazgnanALdALaalagNUNLAIRINANNSN 4.1
8) ihanlanualuldlunisarmaniiemanuidiaztiundwaagidudwaaudy

P(SIX) wagasnaduniswasdudiwaes PHX) fheaun1si 2.10
P(SIX) = 2= x (043 x 0.02 X 0.26) = 0.0010 (5.10)
P(H]X) = ==X (0.02 X 0.52 X 0.02) = 0.0001 (5.11)

9) Wisuisumnusiazduiivsdudiuaawty PSIX) fuanudiasdufiazdy
SLuangy PHPO nuda PSIX) 1annda PHX) Feiuisuundwanaaeuidu
daanly

Innsananddgvatdtluaaiaiinnnudfyiiniufisudndesvesdaneiiiy

AWF-NB lupasetne agiuirmsnssiidiilisuunussinnduanadouiin usipudiua
noaeuludiansy winer un1sanAudRyvesrlunatafiinuddsinI e
Entiosvasdaneifiu AWF-NB dwalisiuundiannaouiudiuaaus uasidomnuad
muwlugwesdanesiiu AWF-NB tuanas SvnndaiBaitinudfayvesiluusasaana
liihstusnnvaneqBia Anuwiudvesdaneiiu AWF-NB Aazdeanas ilefigatiinnisan
auddresilunanaiiinuddsininiondniesvessanas iy AWF-NB Huriili
FuunUssiandwanadeulunsdifod1eiia Inerdnusiazuanadunouainnissiuun
Uszuamdwanmaeulunsdifedesesaneasiiu NB uuusudulnefilifinisanauddnes

o dld o L OI ! L dy
miuﬂaﬂavmmmmmgmﬂ’nmu
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1) A PS) (Muunaziduvesin x Afllueana S) wag P(H) (Anutnagidu

994m1 x NitumAaa H) Inelaaunisn 2.12

P(x|S) =2 =043 (5.12)

2

47
19

P(x|H) = —=0.32 (5.13)

2)  fua PlylS) (anuunaziduresdn y Afllurana ) way Piy|H) (Aruunazdu

v y filupana H) lneldaunsi 2.12

P(y|S) =2 =0.32 (5.14)

47

P(y|H) = == 0.52 (5.15)

3) A PES) (muunazluwesan z ndluraia S) uag P(zH) (Auiazidu

994f1 z Pilumad H) Ineloaunisn 2.12

P(z|S) =2 = 0.26 (5.16)

47

P(z|H) = g =0.17 (5.17)

8) szl snuaseid PKS) = 0.43, P(JH) = 0.32, P(y[S) = 0.32, P(y|H) = 0.52,
P(z|S) = 0.26 wag P(z|H) = 0.17
5)  dedildsaualuldlunisewanitevnaiuunasduniswasndusuaauly

P(S|X) wazauunluitwanduduaus P(H|X) feaunsit 2.10
P(S|X) = % x (0.43 x 0.32 % 0.26) = 0.0157 (5.18)
P(HIX) = % % (0.32 x 0.52 x 0.17) = 0.0158 (5.19)

6) isuisuanuurazidunavidudiwaaudy PGS|X) Auauuiaztiuiiaziiu

[
LYY

Butauwan P(HX) wudn P(H]X) 11nnd P(SIX) satuieduundmanaaeududua

(N%apY
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5.1 Taeldaunisi 2.1 wnuadledugunisa 5.20 uag 5.21
En(x) = —[(P(x|S) log, p(x]S)) + (P(x|H)log, P(x|H))] (5.20)

1987 En(x) AaAnaulnstuasa x,

a &

P(x|S) Aeprutiaziiuvesi x ilueata S Buasu),
P(x|H) Aeautiazidugesin x Mifluaana H Buuaa)

39 ©239 39 ©239

En(x) = —[(Qlog 20) + (Elog 19)] = 0.9997 (5.21)

INATANUIUANBUINSUVBIAT X WUITLAWNAU 0.9997 A UINLADUILWINAUAN

=Y

woulnsUgegare 1 lunsdlvesnsduundiuaauus Jeilud 2 aanarieulnsdasiidnszning
0 - 1 waziilesandi x finnsnszaredeenifiunma S uagaana H ifouaswinfusneiuin
deawiidu dufusdlinsanmudidyvesd x luaanaiiiaauddaydesninas mszay
dswaliaruuiudianas dRdownAnmdnvesdaneifiu RIWENB lunsufudssdaideves

2ane5711u AWF-NB
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5.3  9uAaUYBIDaneINy RIWE-NB lunsdiuunyseinvduaguuu

1)

2)

7)

8)

9)

o

favuali X Fowwnvesimaueludiuaiiseintssuundszinn wasimunli x
Duaudnviderusazaluen X Jeudududnddal X = {x | x fofvmuely
SuiafifosnssuunUsznn )

AurunuUaziuresin x ludwaauu P(x[S) wagAuanuuiaziduves
i x TuBwauau PoJH) tneldauntsil 2.13 Gaaunisihduaunisitlésaudaiu
msvhanamayniisud Wedestulgmeanutazfudiandugud

&1 P(x|S) iy PixH) Wvisieludumend 4 Sasdilidaludunoud 8
AnAeulnsdvesh x laeldaun1sf 5.20

duia r 5¥mine 0 - 1 (Aeulnslvesnsdnuundiaaiuuilenegsening 0 -
1)

[

21 r UINNAUINTTVEIAN x Tudunaui 4 Tludunaui 7 isananudneay

yasrlunmaniinuddatosnin favduduludunaud 8

WigULTUTENIN PKIS) wag Px|H) itominlastesnin aumd P(x|S) fesnin
P(x|H) waz POJH) Ty 0 Wiunudn PKS) wenanaiifesnindneaunisi 4.1
Tuwguedl POJH) SeraIaniuINnIinsARY

yigludunaui 2 7 Wenaaa PS) way PJH) tnsluditenan feau

[

ATINEBUAIINNALNEAIIAITIzARANE A esA luaaandauddyle

o

(as]

NG
o 1 o & ~ o 1 1d d‘ [
A0 P(x|S) way Px|H) vasavisnuaivelalunisannamauiiaziduiazilu

Suaanty PS|X) wazpuninanduiivndudwausy PHX) tneldaunisit 5.22
P(C|X) =log1o P(C) + Xxexlogio P(x|C) (5.22)

Tnedt PCIX) Femutnaslufiasfuema C Buaauls S vdedwausu H) 1l
fidnimun () ludla,

X flonvassniaae,

P(C) Aapnuunasuveenana C,

P(x|C) Foasninasiduvase x Aidunana C

aunnsa 5.22 mmﬂmsmgaugﬂmaﬂaumﬁﬁ 2.10 1aen1511 logo 11J@m‘171y’aaaq
Travosaunsil 2.10 amanuaulR log Anandluannisd 5.23 Faldduaunisd

5.22 7 logy, Wanisaesdevesaunisifiesaindesnisiaglvadiuavainy
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1 I a 5 P 1% = = ' a tg | Ay v J 1
Wazidudiamnndu ielinsilseuifisvazmnuaziedadu lneailaaziduan
log;o VosAUUNRzLTU P(C|X) Fasildiuisufisuiiodnuunlszinnsewingand
Sueauduuazaaradwauan tngluaunis 5.22 azldlald log,, 1 PICX) v

azlilugnuimdnladnduaslaluen log, vosnuuvziuiisihuseuiiisy
log,(M x N) =log, M +log, N (5.23)

aunsi 5.23 wansnuaNUR log vaan1sam M x N o a Aogulngas log
10) &1 PSP 111 PHPX) Sauundiadndusiuaaudy fazduarsuuninu
dualsu
aufilana1ilisane3fiu RWENB azldnisiwimateulnstansdn dateulnsUsl
Aannlng 1 uansinddnisnszatseenifunanasdiuaaudunaysuaneuog 19170 T
mnefanuddyvesilundaraatadafilndifesiu 3elimsannnudiAyveslunana

o w 2/

AN AYBENTT WINTUITUADUN 5 WAzTUABUN 6 VBI8aND3TIA RIWE-NB Feiin1sdy

g 1 [

Fa% 1 52119 0 — 1 hazn1das r unnnnAateulnsnaulnls deaziinisanaudA

o

| '
o w o I =

IR UAANENIAMUAIREIAINTT TIADAARBINULLIRANANTIADINNS B9AUlNSUIALN

o

'
a

vidadlng 1 Teniafazdudaian r WildaAuinnivdneulnsdazddilaniatios winuai
dana3ia RIWENB 1935 m sy iiesarnlideantslidanediudmsfmuansuload
(Threshold) wugvstudunin x azldvinisanenudiduresdilurananiiniudfuyies
nindusiu

Fane3iiu RWE-NB Ludanesiufifauiuasusudsamnandanaiiu AWF-NB ilelv
dlanuumnsngsyninedanaifiu RWE-NB Lazdanasiu AWP-NB Inerinusiasuandls
Fudaduneuresdanadfiu RIWE-NB fignifiuvdounuiiandanadiin AWF-NB ftuagyin
MsUfuAsuannsialiienvessanesiiu AWF-NB luguil 4.2 Whdussiafiouvesdaneiiiy
RIWE-NB 1339 nnsiUasuussviai 1 Guaﬂgﬂ‘ﬁ 4.2 4% “function RIWE-NB (email) returns
classification” daluludsuussiiad 3 uaz 4 W “pa_spam <— 0” way “pa_ham <—
0” mud1iy 1lesandanediiu RIWE-NB dnsiasusuaunislnenisaal logy, Wi luvinli
aunsiUAsuainnisgandunisuinaunaautd log Aaudnsuduves pa_spam uas
pa_ham Fuspasiniu 0 dewnunuiiddsianualusudl 5.1 Tuussindl 8 - 11 veaguil 4.2
wazasuussviad 16 way 17 10y “pa_spam <— pa_spam + pw_spam” Wag “pa_ham
<— pa_ham + pw_ham” mudfuiwszdane3iiu RIWE-NB ledinnsiudsusuaunis siia

\guuwuuanysalvesdanesiiu RIWE-NB wandlugun 5.2
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entropy «— Compute the entropy of word w
r — Random number between 0 to 1
if pw_ham is less than pw_spam and pw_ham isn’t equal to 0
if ris greater than entropy,
then reducing the importance of pw_ham
else if pw_spam is less than pw_ham and pw_spam isn’t equal to 0
if ris greater than entropy,
then reducing the importance of pw_spam

< ! v 1Y a
E"UVI 51  LEMIUNAIUVDITUALNYUVDIDANDINU RIWE-NB

1 function RIWE-NB (email) returns classification
words « List of word in email
3 pa_spam — 0
pa_ham — 0
for each value w of words do
pw_spam «— Compute the probability of word w in spam email
pw_ham < Compute the probability of word w in ham email
8 entropy <« Compute the entropy of word w
r «— Random number between 0 to 1
if pw_ham is less than pw_spam and pw_ham isn’t equal to 0
if ris greater than entropy,
then reducing the importance of pw_ham
else if pw_spam is less than pw_ham and pw_spam isn’t equal to 0
if ris greater than entropy,

15 then reducing the importance of pw_spam
16 pa_spam < pa_spam + pw_spam
17 pa_ham «— pa_ham + pw_ham

PS — Compute the probability of spam using pa_spam
PH — Compute the probability of ham using pa_ham
if PS is greater than PH,
then return spam class
else
return ham class

A LY = o a =
EIJ‘VI 5.2  @nIsndamMeuvInanaIny RIWE-NB

NNIaEUYedana3 L RIWE-NB lugun 5.2 Wandu RIWE-NB AgAUAIHANTT
Tuunlsziandwa lngazsumnniwesidudwafinesnissmunysean fuds words ay
WWUT1eNMsI0IATNaludiua pa_spam Aewauln log vesannutnaviduvesaiiauunlu
Buaawly @ pa_ham Aewauin log vesanuiaziluvesdaualudiuansy w Asan
winzAaglusienis words iN1sugUAREALNRAILINMN pa_spam WAy pa_ham @

1 1 Id PN a o a 1
MOULINAZIIAT pw_spam ANUUAzLTUNZdA w TuBluaaluy wag pw ham AuUaY
I PN a o al gj o I | o 1% o 1 % 1
Juivelidn w ludluaksn ntuAwua1eulnslesd w kdin1sduditaysening 0 -

1 wazihafgulauniulily r udmsieaeuouludisil
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1) Seoulv? 1: 61 pw_ham Uesni1 pw_spam wag pw_ham llvindvu 0 way r
11nNIALEUINTUVRIA w ki lranAUd1AYYes pw_ham

2) Weoulvi 2: a1 pw_spam Uanin pw_ham Wag pw_spam lawindvu 0 way r
1nnIALeUINTUTIA w ki lranAud1AY e pw_spam

01Ul pw_spam waz pw_ham luvanazauludauls pa spam Lag pa_ham

o w o a o w J 1 1< aa )
pnaRuINAsUNNAtudLua Uidauls pa_spam laruimanuutaziiundwavsilu
Suaaudy PS wazddauys pa_ham luamnmauiiaziduidiwaszidudiuansy PH 61

PS 119011 PH agdnunindudiuaanly daztiuazdnunindudiuansy
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6.1 yatoyaillilunmveass

iteildyateyadiuaaus 15 gadayaniniules Kagsle [13], [14], [15], [16],
[17], [18), [19], [20], [21], [22], [23], [24], [25] oA mazminluniseSute aziudsudeyn
Toyawanilndingadoyadiuaaus 1 - 15 1esninyateyaduaumnliidediany

AaLTRveIYnvayaltlun1s AR NALAAIAIN1T 1R LY

< wa v i
mInd 6.1 Aaandivesyadeyaililunimaass

yntoya B IuuBaduwly SRV VG
yatoyaBluaauly 1 [13] 5,171 1,499 3,672
Yatoyadiuaauly 2 [14] 5,572 747 4,825
Yntoyadiaanly 3 [15] 6,046 1,896 4,150
yndosasidaauly 4 [15] 10,000 5,000 5,000
ﬁgﬂ%@gaﬁmaauﬂm 5 [15] 2,605 433 2,172
yafayadiuaauly 6 [16] 5,727 1,368 4,359
Yatoyadiaanly 7 [17] 3,000 500 2,500
Yntoyadiuaaudy 8 (18] 5,854 1,496 4,358
Yatoyaduwaauiy 9 [19] 5,796 1,896 3,900
Yntoyadiuaauly 10 [20] 5,796 1,896 3,900
Yatoyadiuaawly 11 [21] 4,845 2,113 2,732
yadoyadiuaauty 12 [22] 5,172 1,500 3,672
Yatoyadiuaawly 13 (23] 3,052 501 2,551
ﬁzgm%agaﬁmaauﬂm 14 [24] 2,893 481 2,412
ﬁzgm%agaﬁmaauﬂm 15 [25] 73,932 48,714 25,218
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wardane3fin AWF-NB dwsuinendinusiiyadeyanidnuiudiualiifiv 5,000 Bwadziodn
Jugatoyavuiadn uazyadeyainiisiuiuduadiud 5000 §3 10,000 waduyadeya
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adayavumaniiviovun 5 gadeyalduwn yadoyadwaauwly 5, yadoyadwaauwly 7, ua
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)

Y
Toyadwaaudy 11, Yaloyadwaauwly 13 uazyptoyadwaauly 14 Aouyadayaruin

naiiviavan 9 yndayalakn Yadeyadiaawly 1, Yndoyadiuaauuy 2, yadeyadiuadauwly

3, Ynvayadiaawly 4, Ynloyadwaauly 6, Yatayadiuaanly 8, YaveuaBiuaaLUY 9,

} %4 =

Yatayadiuaawly 10 uasynloyadwaauly 12 aavneyntoyavunlveil 1 yndoyareyn

9 Y v 9
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1) yadeyadmivdndu: avdduiudiuaaudy 3 Bl uazlidnuiudiua
wew 1 B sanduduaionn 4 s

2)  yaveyadmiunaaeu: ildnuiuduaauly 4 Blua uavddnuiudiua
usy 2 e mndudiuationun 6 Bia
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WHasandnuiudwagllulazInuudwalenyisualdu 7 wag 3 audinu
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Y

1) qaveyadmIuRney: duvdudiuaauly 3 Bua uagduausu 1 Bwa

Y

auyfgulaonvesdwaauly = Bia 7, B 1, Biua 9} wazdulelyn
2a9RLUALaN = {Dla 6}
4 o % A a = = a
2) YAToUAdINTUNAARY: LnABdNAALUN 4 BlNA LAIVARDLUALEY 2
a | v ° o ¢ v A oA ' Y
dua nnsduynteayadimsulndy Tdduwanmaeainnisuus avla
WRYBIDINAAWUL = { Biua 3, Bula 5, Biua 8, akua 10 } Laviunveg

DLalaway = { dkua 2, Dwia 4}

A 14 o =9 Ay v 1 1 v o/ 1
AINN 6.3 YndoyadmiuRndunldatnnisduulsyadeyafiogns

da AaE
Suafl 1 Dluaauly
Siafl 6 dluallas
Suiaf 7 Dluaauly
Suafl 9 Dlaauly
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dua Aad
Suiafl 2 Slauau
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6.2.1  JUkUUNMINAGDY
9ane59u NB LUUAwLAY, 9ana571u AWF-NB kazdanasyy RIWE-NB ag¥ia

v o (] L

n1snaaesnuyadeya 15 yadeya agldyateyadmiulndunazyadoyadmsunaasy

Y

o a =

willourumns 15 yadeya saneiiunmunlznaasdlagldnisvitaamayniia liiednnis

Y

daymannninasduiidandumud nnaaeduineinustaznaasdnglsannsadin
AudnwL (Feature Extraction) 8ana3fiu NB uuuAufuuazsannaiiu AWF-NB agviinis
naaes 1 aiailosnindanedfiu NB uazdanasfiu AWF-NB lidnaennaosiaseilinadng
wilowdn Tuvaizfisanasiiu RWE-NB Snszuiunisduegnielusanediiu nsmnassusas
pdaazlvinadilaimilondu Fuiudane3fiu RIWE-NB azvhn1smAaes 1000 ASaudmnaiade
anuusiudlunisiinuntazianlunisiudunisesnin iilesaindesninanisnaasai
afiesdanisvages 1000 Suifiesne

a < g

63  HaMIVARBITEVINSANEITMTIRDINTUTUUTY (AWF-NB) uazsana3iiui
\eiue (RIWE-NB)

63.1  Aanuwiuglunisswun

A 1 o o 1 L2 a = L2 a =
MTNA 6.5 AuugIluAITIUNTENINBANDSTN AWF-NB Lagdanasiu RIWE-NB

: Al lunIsTLun
yndoya
AWF-NB RIWE-NB
Yndoyadiuaauiy 1 80.63 94.57
Yndoyadilaauyy 2 94.90 96.25
Yndoyadiladuly 3 78.96 92.60
Yndoyadiuaauuyl 4 69.54 95.48
Yndoyadiuaauly 5 85.19 98.43
Yndoyadiuaauly 6 88.51 94.12
Yndoyadiuaauly 7 86.80 93.21
Yndoyadiuaauly 8 87.56 95.29
Yntoyadiuaawly 9 70.12 96.79
Yntoyasiuaauwly 10 67.32 95.37
Yntoyadiuaawly 11 38.59 77.31
Yntoyadiuaawly 12 79.81 94.52
Yntoyadiuaauwly 13 83.56 92.39
Yntoyadiuaauwly 14 84.73 98.41
Yntoyadiuaanly 15 55.58 97.24
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Yndoyadiaauly 8 0.3138 118.01
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A 1 o o 1 % a = % a =
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yndoya
NB AWF-NB
Yndoyadiuaauly 1 87.16 80.63
Yntoyadiaauly 2 96.95 94.90
Yntoyadwaauwly 3 82.47 78.96
Yndoyadiaauly 4 77.86 69.54
Yntoyadwaauwly 5 89.18 85.19
Yntoyadwaauwly 6 91.13 88.51
Yntoyadwaauwly 7 89.87 86.80
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Yndoyadiaauly 8 89.75 87.56
Yntoyadwaauwly 9 76.12 70.12
Yntoyadwaanly 10 69.25 67.32
Yntoyaduaaniy 11 59.72 38.59
Yntoyaduaanly 12 87.12 79.81
Yntoyadwaanly 13 84.68 83.56
Yntoyadiaauly 14 88.74 84.73
Yntoyadiaauly 15 65.81 55.58
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PNV LLERS LA NSNS suiB ALl ug lunsIwun
voadaneiiiu NB uardaneiiu AWF-NB Tugadoyavimun ainnsvasiiuldinaruudug,
Tuns91uunve9danesyiu AWF-NB dalpeninanulidug1lun1sauunvesdanasfiy NB
Tugedeyaianun Wielidmaulunsanaswasnuusiugilunisduunuesdanaiiu AWF-
NB 91n8anes3iy NB Inendnusiavuansdosaznisanatweinnuusludilunisswunes

danas7iu AWF-NB 21ndanasyiu NB Tumisnasaludl

A ¥ 1 o o o a =
M3 NN 6.14  Se8azn1sanatweIANULlLgluNITILUAVDITAND I AWF-NB 1N

2anes71u NB

At lunissuun SRERLNITANRIIBIANNUNUET I UNIS
yndeya UUNIRIANATNIN AWF-NB a1n
D W aanasyin NB
Yntoyadiuaaiiy 1 87.16 80.63 7.49
Yntoyadulaaniy 2 96.95 94.90 2.11
Yntoyadiaanly 3 82.47 78.96 4.26
Yndoyadiuaauiy 4 77.86 69.54 10.69
Yntoyaduaanly 5 89.18 85.19 4.47
YatayaBiuaal Ul 6 91.13 88.51 2.88
Yatoyaduaanly 7 89.87 86.80 3.42
Yntoyadiaanly 8 89.75 87.56 2.44
Yndoyadiuaanly 9 76.12 70.12 7.88
YntoyaBiuaauly 10 69.25 67.32 2.79
Yntoyadiuaauly 11 59.72 38.59 35.38
Yntoyadiulaanuy 12 87.12 79.81 8.39
Yntoyadiuaail 13 84.68 83.56 1.32
Yntoyadiaanly 14 88.74 84.73 4.52
Yntoyadiaauly 15 65.81 55.58 15.54
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yadoyadiuaaily 14 IFogazn1sanasveinnuwiuglun1sIunvadanasiu AWF-NB
9ndane3iiu NB Uszanas 1 - 5 wWesidud Jeaunsaaguledn anuwivdlunsduunves
gane3fiu AWF-NB fiadeenitaruusdugilunisduunvedanasiiu NB luyadeyariaua
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6.5.2  anlunmsaiunis

A o a 1 U a = v a =
A3 NN 6.15 Larlunsaiunisseninedanasyid NB Laydanasiid AWF-NB

. natunsaniiums Guai)
yndoya

NB AWF-NB
Yntoyadiuaauy 1 0.1605 0.2483
Yntoyadwaauwly 2 0.0310 0.0456
Yntoyadwaanly 3 0.4209 0.5804
Yntoyadiulaauly 4 0.4683 0.7199
Yntoyadaauwly 5 0.6901 0.8288
Yndoyadiaanuy 6 0.2418 0.3805
Yntoyaduaaniy 7 0.1356 0.2093
Yatoyadwaanly 8 0.2659 0.4123
Yatoyaduaanly 9 0.4266 0.6055
Yntoyadiaaly 10 0.4641 0.7134
Yndoyadiaauly 11 0.1827 0.2778
Yntoyadilaauwiy 12 0.1551 0.2385
Yntoyadiuaaily 13 0.3182 0.4303
Yntoyadmaanly 14 0.2345 0.3509
Yntoyadiuaduln 15 6.0690 8.2080
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vosdanesiiu AWF-NB fawnnduandanediiu NBisadndesluyadeyaionun a1
soludugnumatisdureaandiiunisuasesagnsiiaturetnadniiunisvesdanesii
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2an95714 AWF-NB 21n9anasy1y NB

nqitﬁuﬁyum@qmaqﬁnﬁunqﬁ %’aaasmnﬁuifu‘ummqrfhl,ﬁums
yadoya v838ane3fiu AWF-NB vesdana3fin AWF-NB
NndaneIfin NB (3ud) 9Nsane3iu NB
Yntoyadiiaauyl 1 0.0878 54.70
Yndoyadiaauly 2 0.0146 47.10
Yntoyadwaauwly 3 0.1595 37.89
Yndoyadiaauly 4 0.2516 53.73
Yntoyadwaauwly 5 0.1387 20.10
Yntoyadwaauwly 6 0.1387 57.36
YatoyaBiuaawly 7 0.0737 54.35
Yntoyadiuaauly 8 0.1464 55.06
Yntoyadwaauwly 9 0.1789 41.94
Yntoyadwaanly 10 0.2493 53.72
Yndoyaduaaniy 11 0.0951 52.05
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A1597 6.16 (70)

NN TUADILIRIAILRUAS Sorazn1siuTUIBLIRIALRUNNS

J - 2 o L)
RG] Y23wana3viu AWF-NB 2899ane3%iu AWF-NB

NNdane3INN NB (Aud) 9Noane3iy NB

Yntoyadiuaauwly 12 0.0834 53.77
Yntoyadwaanly 13 0.1121 35.23
Yndoyadwaanly 14 0.1164 49.64
Yntoyadaanly 15 2.1390 35.24

sty Sasavnsifintuvesnatsfiunisvessanasiiu AWF-NB
ndane3fiu NB Insifisduresnadiiuniserailddnlugadeyarionn laoyndeya
vuaifesarnsiutuveaadniunsvesdanesiiu AWF-NB 21n8anesiu NB 1nnni
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6.6 WaMIMAARITENINDANEITIN NB, danaiviunneensusuuss (AWF-NB)

wazdane3Tiuiiaues (RIWE-NB)

6.6.1  ANULIugluMIILUN

A 1 o o 1 % a = % a =
MW 6.17  AnulduglunIsIUUATERINDanes i NB, 2anasnd AWF-NB uwae

2ane5714 RIWE-NB

. ANUiuglunsTLun
yndoya
NB AWF-NB RIWE-NB
YntoyaBiaauly 1 87.16 80.63 94.57
Yntoyadiaauly 2 96.95 94.90 96.25
Yntoyadwaauwly 3 82.47 78.96 92.60
Yndoyadiaauly 4 77.86 69.54 95.48
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A7 6.17 (70)

. ANUiuglunsTLun
YAveya
NB AWF-NB RIWE-NB
Yntoyadwaauwly 5 89.18 85.19 98.43
Yntoyadwaauwly 6 91.13 88.51 94.12
Yntoyadwaauwly 7 89.87 86.80 93.21
Yntoyadiwaauwly 8 89.75 87.56 95.29
Yntoyadwaanwly 9 76.12 70.12 96.79
Yatayadiaauwly 10 69.25 67.32 95.37
yatoyadiuaawly 11 59.72 38.59 77.31
Yntoyasiaawly 12 87.12 79.81 94.52
Yntoyadiuaanly 13 84.68 83.56 92.39
Yntoyadulaauly 14 88.74 84.73 98.41
Yntoyadiaanly 15 65.81 55.58 97.24
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2ane5713 RIWE-NB

PNNTIAUULLER LA NSNS sUWiBuARuauglunsI WU
vosdanadfiu NB, sanoiiu AWF-NB uazdanasfiu RWE-NB Tuyadeyariaun dsaunse
agUlenin Fanesiin RWE-NB Hannsusiugunniigaluyadeyadaunnn uagiiifiesyndaya
Slaaudy 2 windudidnuusluglunissuundesnitdanosyiu NB 1antos d1wsunis
Wigueusanesniy RIWE-NB fudanasiiyd AWF-NB a1nnsiiAedanasyid RIWE-NB Ay
wiuglumssuuninnaindanesfiu AWE-NB Tugadeyarianun wardmsunsiiouiiiey
dana3yiu NB Audanesy AWF-NB 21nns1n@edanas iy AWF-NB daaruiiugnlunns

Tuuntagnidanasiiu NB uuusuasluyadeyanae

6.6.2  tanlunisaiunig

d o a ! U a = U a = v a =
M3 NN 6.18  LalunsAiuNITIEIeanes Tl NB, 2ana31nid AWF-NB LLagaanaIni

RIWE-NB
, vatlunsaduns Guad)
YAvoya

NB AWF-NB RIWE-NB
Yndoyadiuaauly 1 0.1605 0.2483 0.3549
Yntoyadiaauiy 2 0.0310 0.0456 0.0657
Yndoyadiuaanly 3 0.4209 0.5804 0.7613
Yndoyadiaauly 4 0.4683 0.7199 1.0013
Yntoyadwaauwly 5 0.6901 0.8288 0.9741
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natlumsadunis Guai)

yndoya

NB AWF-NB RIWE-NB
Yntoyadwaauwly 6 0.2418 0.3805 0.5417
YatoyaBiuaawly 7 0.1356 0.2093 0.2945
Yntoyadiuaauly 8 0.2659 0.4123 0.5797
Yntoyadwaauwly 9 0.4266 0.6055 0.7982
Yntoyaduaanly 10 0.4641 0.7134 0.9904
Yndoyadaanly 11 0.1827 0.2778 0.3859
Yntoyadaanly 12 0.1551 0.2385 0.3464
yntoyadiuaawly 13 0.3182 0.4303 0.5937
Yntoyadwaanly 14 0.2345 0.3509 0.5246
yntoyadiaauly 15 6.0690 8.2080 10.0891
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Abstract: The Naive Bayes algorithm (NB algorithm) is a popular one for spam email classification due to fast training,
using simple techniques and high accuracy. One of many research improving NB algorithms are the AWF-NB algorithm.
In this paper, we call the research an AWF-algorithm for convenient mention. The AWF-NB algorithm focuses on solving
the equally important word in each class because it is not always the case. Another problem of the NB algorithm to solve
this problem, the AWF-NB extremely reduces the importance of words in the class that has lower importance. However,
this action will lead to reducing the accuracy in cases that slightly differ among the importance of words in each class.
Therefore, the goal of the research is to improve the AWF-NB algorithm by reducing the importance of words based on
entropy of words. We compute the entropy of a word to decide if it should be reduced in importance. The experimental
results on ten spam email datasets from Kaggle website indicated that the RIWE-NB algorithm can remarkably increase
the classification accuracy of the NB algorithm and the AWF-NB algorithm in majority datasets while the execution time
is still conserved.

Keywords:  Naive bayes, NB algorithm, Spam email classification

1. INTRODUCTION PSO withNB consumes a lot of training and testing time.
It was a very complex model and difficult to modify.

The nextresearch is about improving the NB algorithm
for text classification. Guo [8] applied adjusting weights
via frequentness in ratio of feature words with Naive
Bayes algorithm, solving the equally important word in
each class, because it is not always the case in reality [8].
In this paper, we will call the AWF-NB algorithm for
convenient mention. The experimental results show that
AWF-NB algorithm has more accuracy than the
conventional NB algorithm in majority datasets. It can
also be seen that it was a non-complex algorithm because
it just uses adjusting weights with the NB algorithm. The
AWF-NB also has a fast training and testing like the
conventional NB. However, extremely reducing the
importance of words in the class that has lower
importance results in a drop in accuracy since the
importance of words may be slightly different. Therefore,
the AWF-NB algorithm is preferred to improve spam
email classification. The goal of the research is to
improve the AWF-NB algorithm by reducing the
importance of words based on entropy of words. We add
anew factor, the entropy of words, for deciding to adjust
weight in AWF-NB algorithm. The proposed method can
increase the classification accuracy in most datasets from
the conventional NB and the AWF-NB while the
execution time is conserved.

The rest of this paper is organized as the following
sections. Section I defines the concept of the
conventional NB algorithm. Section II explains the idea
of AWF-NB algorithm. Section III illustrates the
proposed method. In section IV, we explain the analysis
of the experimental results. Lastly, section V concludes
the performance of the recommended method.

The NB algorithm is widely used in classification tasks
because of fast training, use of simple techniques, and
high accuracy. This is a prominent one for spam email
classification or text classification. In addition, the NB
algorithm uses a small training set and can deal with
multi-class prediction problems [1], [2]. However, in the
Naive Bayes, there is a serious problem since it is derived
from the Bayes theorem [3], which is a probability
calculation. If it classifies an email containing the word
that does not appear in the training set, the probability
will be zero. As a result, the classification accuracy is
reduced. This problem can be solved by Laplace
smoothing [4], commonly used for the Naive Bayes
algorithm. We picked up the NB algorithm to improve
spam email classification because of its advantage as we
mentioned before.

There are many researchers who have applied various
algorithms for spam email classification. Tuteja and
Bogiri [5] use BPNN algorithm (Back Propagation
Neural Network) to classify spam email. Although the
accuracy is so high, the BPNN rather consumes more
training time and is complex to develop. Vishagini and
Rajan [6] developed a weighted SVM (Support Vector
Machine) using their weight from the KFCM algorithm.
Their  proposed ~method can reduce more
misclassification rate than the conventional SVM and the
weighted SVM. However, it is more complex and
consumes time than the NB algorithm. Agarwal and
Kumar [7] combined PSO (Particle Swarm Optimization)
algorithm with NB algorithm to classify spam email.
Their experimental results show that their algorithm has
more accuracy than the conventional NB algorithm. The
same with the algorithms mentioned above. Combining

978-89-93215-25-0/22/$31.00 ©ICROS 10

66



2. THE CONVENTIONAL NB ALGORITHM

The conventional NB algorithm is a supervised
machine learning probabilistic model for classification
based on Bayes Theorem with a hypothesis of
independence among predictors [9]. This is a prominent
one for spam email classification because of fast training,
use of simple techniques and high accuracy. In addition,
the conventional NB algorithm uses a small training set
and can deal with multi-class prediction problems. The
steps of the NB algorithm to classify spam email are
described below.

Step 1: Calculate both probability of spam and non-
spam (ham) email using Eq. (1), (2), and (3).

P(C1X) = P(O) leex P(xC) 1)

Where

P(CIX) is the probability of target class C (spam or
ham) given every word (X) in email,

Xis the set of attribute words,

P(C) is the probability of class C,

P(x|C) is the probability of attribute word x given
class C.

L O
P(C) = E (2)
‘Where

we is the number of words in class C,

W is the number of every word.

P(xlC) = 72 3

Where
Wy c is the number of words x in class C.

Step 2: Compare the probability of spam P(S|X) and
probability of ham P(H|X). If P(S/X) is greater than
P(HLX), classify this email as spam.

The serious problem of the NB algorithm, if the testing
set of email contains the word that does not appear in the
training set, the probability will be zero. Normally,
Laplace smoothing is used to solve this problem. Eq. (4)
shows representation P(x|C) with the Laplace smoothing
method.

Wxc + %

PO =gcvaea

(C)]

‘Where
A is the number of attributes or unique words,

o is the smoothing parameter equal to 1.

1"

3. THE AWF-NB ALGORITHM

The AWF-NB algorithm [8] applied adjusting weights
via frequentness in ratio of feature words with the NB
algorithm. This algorithm tries to solve the equally
important word with each class of NB algorithm which is
not always the case in reality. The AWF-NB algorithm
steps are explained below.

Step 1: Calculate the probability of word x in spam
email P(x|S) and the probability of word x in ham email
P(x|H) using Eq. (3).

Step 2: If P(x|S) is greater than P(x|H), represent
P(x|H) with Eq. (5) and P(x|S) remains unchanged. It
shows that the attribute word x in class S'is more important
than the word x in class H. Therefore, P(x|H) should be
reduced in importance. This is the main concept of the
AWF-NB algorithm.

P(xIH) = - ®

‘Where

P(x|H) is the probability of attribute word x given
class H.

Step 3: Repeat step 1 - 2 to find the new P(x|S) and
P(x|H) of every word.

Step 4: Use the new P(x|S) and P(x|H) in each word to
calculate P(S|.X) and P(H|X) using Eq. (1). If P(S|X) is
greater than P(H|X), classify this email as spam. If not, it's
a ham email.

4. THE PROPOSED METHOD

As we explain the concept of AWF-NB algorithm in
the previous section, The AWF-NB algorithm will
extremely reduce the importance of words if it has the
importance of a class less than another class. For example,
assume that the number of words x equal to 100. The
number of words X in spam email and ham email are 51
and 49, respectively. Therefore, P(x/S) is equal to 0.51,
P(x|H) is equal to 049. In this case, the AWF-NB
algorithim will extremely reduce P(x|/H) to 0.01 using Eq
(5). It may result in dropping the accuracy because the
importance of word x in ham email is slightly less than the
importance of word X in spam email. Hence, the proposed
method will compute the Entropy of the word to decide if
it should be reduced in importance. We will name the
proposed method as the RIWE-NB algorithm. The
Entropy value is explained below.

4.1 Entropy

The entropy [10] is the average level of uncertainty
of attribute’s data inherent to the possible class in
information theory. The maximum entropy value is
log>(C) where C'is the number of possible classes. Eq. (6)
shows the entropy equation of a word x in the spam email
and ham email class.

En(x) = = Xcec P(xlc) log, P(x[c)  (6)
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Where
En(x) is the entropy of word x,
C'is the set of classes (spam or ham),

P(x|C) is the ratio of the number of word x in class
C to the number of word x.

4.2 The step of the proposed algorithm

The proposed algorithm reforms the probability in Eq
(1) by taking log, because the probability can be very
small if the number of words x is very large. Eq (7) shows
the changed probability of Eq (1).

P(C1X) =1og P(C) + Zxexlog P(x|C)  (7)

Step 1: Calculate the probability of word x in spam
email P(x|S) and the probability of word x in ham email
P(x|H) using Eq. (4). To deal with the zero probability
problem, we need to do the Laplace smoothing.
Therefore, we use Eq. (4) instead of Eq. (3).

Step 2: Calculate the Entropy of words x using Eq. (6).

Step 3: If P(x|S) is not equal to P(x|H), check which
one is less. Assume that P(x|H) is a smaller one.

Step 4: Random number 7 between 0 to 1 (maximum
entropy value). If # is greater than the Entropy of words x
in step 2 and P(x|H) is not equal to 0, represent P(x|H)
with Eq. (8) and P(x|S) remains unchanged. Eq. (8) is the
combination of Eq. (5) and the Laplace smoothing
method.

PGIC) =it ®

In contrast, If P(x|S) is less than P(x|H), P(x|S) is
checked instead of P(x|H) if it should be decreasing.
Reducing the importance of words is based on the entropy
of words. The larger the entropy of a word, it means that
there is more distribution of a word into each class.
Therefore, the chance of reducing the importance of
words is lower.

Step 5: Repeat step 1 - 4 to calculate the P(x|S) and
P(x|H) of every word.

Step 6: Use the calculated P(x|S) and P(x|H) in each
word to calculate P(SLX) and P(H|X) using Eq. (7). If
P(S|X) is greater than P(H|X), classify this email as spam.
If not, it's a ham email. The pseudocode of the proposed
algorithm is shown in Fig. 1.

5. EXPERIMENTAL CONDITIONS AND
RESULTS

5.1 Datasets

We used ten datasets from the Kaggle website for
testing. For convenient explanation, we will rename these
datasets as spam email dataset 1 to 10 since many datasets
don’t have the unique name. In the references part, we will
show the source of the URL of ten datasets [11], [12],
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[13], [14], [15], [16], [17], [18]. Table I shows the
reference number of ten datasets and Table II shows
characteristics of ten datasets.

function RIWE (email) returns classification
words — List of word in email
pa_spam — 0
_ham 0

for each value w of words do
Ppw_spam - Compute the probabliity of word w in spam email
PW_ham — Compute the probability of word w in ham email
entropy «— Compute the entropy of word w
r Random number between 0 10 1
it pw_ham is less than pw_spam and pw_ham isn't equal to 0

i ris greater than entropy.
then reducing the importance of pw_ham
else if pw_spam Is less than pw_ham and pw_spam Isn't equal to 0
it ris greater than entropy,
then reducing the importance of pw_spam

Ppa_spam — Accumulate pw_spam value
Ppa_ham — Accumulate pw_ham value

PS — Compute the probability of spam using pa_spam

| PH — Compute the probabiiity of ham using pa_ham
H PS is greater than PH,
| then return spam class

else

return ham class

Fig. 1. The pseudocode of the RIWE-NB algorithm.

Table 1. Reference number of ten datasets

Datasets Table Column Head
Spam email dataset 1 11
Spam email dataset 2 12
Spam email dataset 3,4, 5 13
Spam email dataset 6 14
Spam email dataset 7 15
Spam email dataset 8 16
Spam email dataset 9 17
Spam email dataset 10 18

Table 2. Characteristics of ten datasets

puses [ Bt T ctem T e
Spam email dataset 1 5171 1499 3672
Spam email dataset 2 5572 747 4825
Spam email dataset 3 6046 1896 4150
Spam email dataset 4 10000 5000 5000
Spam email dataset 5 2605 433 2172
Spam email dataset 6 5727 1368 4359
Spam email dataset 7 3000 500 2500
Spam email dataset 8 5854 1496 4358
Spam email dataset 9 5796 1896 3900
Spam email dataset 10 5796 1896 3900
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5.2 Experimental conditions and results

Every dataset in Table II is randomly split into two
parts for the training set and the test set by saving the
balance of emails between both classes in each part. To
receive the consistent results, we only proceeded with the
experiment one thousand times with the same training and
test sets for the RIWE-NB algorithm since the RTIWE-NB
has a random method. Other algorithms will just proceed
one time because it's the same no matter how many times
we test them. All of the algorithms proceeded with the
Laplace smoothing method and didn't proceed extracting
feature words before. Table III shows the experimental
results of the conventional NB, AWF-NB and RIWE-NB.

Table 3. The experimental comparisons on the accuracy
of the concertional NB, AWF-NB and RIWE-NB

Table 4. The experimental comparisons on the execution
time of the concertional NB, AWF-NB and RIWE-NB

N Execution Time Measurement (s)
NB AWF-NB RIWE-NB
Spam email dataset 1 0.1605 0.2483 0.3549
Spam email dataset 2 0.0310 0.0456 0.0657
Spam email dataset 3 0.4209 0.5804 0.7613
Spam email dataset 4 0.4683 0.7199 1.0013
Spam email dataset 5 0.6901 0.8288 0.9741
Spam email dataset 6 0.2418 0.3805 0.5417
Spam email dataset 7 0.1356 0.2093 0.2945
Spam email dataset 8 0.2659 04123 05797
Spam email dataset 9 0.4266 06055 07982
Spam email dataset 10 0.4641 07134 0.9904

Datasets Accuracy Measurement
NB AWF-NB RIWE-NB
Spam email dataset 1 87.16 80.63 94.57
Spam email dataset 2 96.95 94.90 96.25
Spam email dataset 3 8247 78.96 92.60
Spam email dataset 4 77.86 69.54 95.48
Spam email dataset 5 89.18 85.19 98.43
Spam email dataset 6 91.13 88.51 94.12
Spam email dataset 7 89.87 86.80 93.21
Spam email dataset 8 89.75 87.56 95.29
Spam email dataset 9 76.12 70.12 96.79
Spam email dataset 10 69.25 67.32 95.37

The experimental results in Table 1T illustrates that
the classification accuracy of the RIWE-NB algorithm is
more than the conventional NB algorithm and the AWF-
NB algorithm in majority datasets. There is only spam
email dataset 2 that has slightly lower accuracy. In
contrast between the conventional NB and the AWF-NB,
clearly, the AWF-NB has lower accuracy than the
conventional NB in spam email classification without
proceeding to extract feature words. It results from
extremely reducing the important words within the class
that have slightly lower importance. Therefore, the
RIWE-NB algorithm can significantly increase the
classification accuracy of the NB algorithm and the AWF-
NB algorithm. TABLE IV shows the comparisons on the
execution time of the conventional NB, AWF-NB and
RIWE-NB

The comparison results in Table IV illustrate that the
algorithms consuming the most of execution time are
RIWE-NB, AWF-NB and NB, respectively. The AWF-
NB adds weighting to the conventional NB and the
RIWE-NB improves the AWF-NB by adding entropy
calculation so the experimental results are reasonable. In
reality, we considered it no different because the
difference in execution time is only less than a second.
Therefore, the execution time is still conserved in the
REWI-NB algorithm.
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6. CONCLUSION

This paper proposes a new approach to improve
accuracy of the AWF-NB algorithm, called RIWE-NB
algorithm, applying to spam email classification. To solve
the extremely reducing importance of words within class
that have lower importance. The main concept is reducing
the importance of words within class that have lower
importance based on the entropy of words. The RIWE-
NB algorithm is determined by using ten datasets from
Kaggle website. The experimental results indicate that
RIWE-NB algorithm can remarkably increase the
classification accuracy of the NB algorithm and the AWF-
NB algorithm in majority datasets while the execution
time is conserved.
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