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Study on Chinese spam filtering system based on Bayes algorithm
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Abstract: In view of the shortcoming that high dimension of features in the Chinese spam filtering system, a TF-IDF
features extraction algorithm was proposed based on the central word extension, the algorithm improves the expression
capacity of the node in the network and reduces the dimension of feature. Further, a three-layer structure model based on
GWO_GA structure learning algorithm was proposed to expand the limit of text features and improve the diversity of text
features. The new structure learning algorithm relaxes the conditional independence assumption of feature properties. A
fine classification layer was added between class layer and feature layer to increase feature coverage. The experiment
demonstrates that the three-layer Bayesian network algorithm with TF-IDF feature extraction based on the central word
extension and GWO_GA structure learning improves the effect of Chinese spam filtering.
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FL SR 0N B S S A I DR B e T R U SE A
1998 4 Sahami F JCRE AR 2% DU J 5320 10457 2
I 125 3 R . 2000 4 Androutsopoulos 252 B A
F DU SR B A0 TS T OB IR i RS i
2002 4 Drucker Z5°M SVM ] T 3l sk v
FUERH SVM S T DL 3R LAt 2 TR0 U)ot
[f)771%. 2005 4F Healy %54 FH k-NN 5L 985 ]
B4, 2008 4 Wu SE48 F DL 3727 ) S HOG B 1] (1)
DI YRR A, HARE S uF B T %
A 2,

WAk, W0 AR A 8 ARt R (R B
AL SF LB YN ], Wl lazy learning. C5.0 J48 Al
BHLAR RS, SCHR[O TR RRE S 20 18 W 457 3% 1
PR ug, JRUEBILMEREOLT 2 N HAh T k. SCER[7]
FHREAE BN FH T B0 Ak 98, e T B 1
bR e T 2 AN R 3 DA T I R HE R AR . 3
HR[S1K H S HF [ S M LA k-mean R A Sk
B SVM, &5 T B SRR R v

ANIA] 3 FEAR Y 3G T AN A (R SCARRAE, o iR
MR A R AR 5K 23 S ABE 20 S0 A g T 42 0 A 2R e
AT BT RL UL R o SCHR[OTR I 115 SR A0
27 SJ I J5VE S BT FRFAE L ] 5% 3 T RBF (radial
basis function) [¥] SVM 3 S HBAF 3 JR28 1 fE, M
10 308 o B IO e SRR Ak SR 4 v a7 e S 2 o i 1
fig; i, SCER[101KH CN2-SD (CN2-subgroup
discovery) FVERTREAN SIS HUE SURFIE, 230 4
SEAE A TR U ) 43 S A R B v B RS A o 8
PERE, A AR IE R M B . SCHR[11]42
H ] TSVM-NB (twin support vector machine-naive
Bayesian) HiE5GH NB XFEAWIXIIZR G H SVM
P I B Lo S 111 T3 NB I ZRAR Bl 7 AT
SCHR[12]3 LT AR 2 R A TK) RNN X 25040 23
A AR BE BA AR, UERH T AR B AL T )
B, RN oy BRI BT A ik . SCR[13]
X SVM. gradient boosting. 125 % 2% 1 Biti AL 4% AR 73
RAFATHERELLEL, SER g LB IR, AR iy
XAV RFAE AR (1) 2 PR R AT 22 etk o

LI g SE A L, AR T
DB S HVGE T HERR R, AT TG a1
FER R o SCHR[14]% NB. SVM, J48, KNN. NB-M
(multinomial naive Bayes). NB-MU (updatable naive
Bayes). NB-C (cost sensitive naive Bayes) HlIffifl
AR 8 FhELIA T L, 4538 NB 5 SVM (1)

T EPEREAH Y, A RIAER R R L, BEAL
ARMAE BRI 8 F 218, (RS m; HR
SRS PUEAER A . BRI i, &4
K Fl1-Measure 1X 4 Wik yEERERE, SCHR[15]%
Y L H i SR IHIEAZ M 45 (SLSTM,  semantic
long short term memory) ()i JE P g, NB.
SVM. BEHLARMRFIN AR 25 LB, (HI] 2
AT KNN.

S ARTVEARL, DU 5 vk BA 05
WS, R E . BIANE WAL A, Al
T i Pk 22 16 (R0 S AR B AN o iy e i VYl s
JBORR 25 A0 N7 P PR A mI A S, S5 A A e
JREREE ST RRAEIERE . AR AT, R ek
P WA ik A R, AR S et t— L T ]
$7J# (1) TF-IDF FEAE$R B, LIRS IREAE 45 2
FIAKRE Ty, IRBIFRIERELE; LR, RH 3 EMN
W ST Y 2% S A AR, DASE I 2 FE 1, A gy
HAEI P RE R JR B A R B s IR, fEIINZR 3 2
DU Sy ) 2% S A RSN, FE Y — Tl GWO_GA 45
Mg ), B AR TR T8 P 1) 1R 2% AR Bk ar kA e
S5 SRR S S A i s Bede, I sk
9 45 UF 3 T i @ 1 TF-IDF 4 1k $2 B &%
GWO_GA #2111 3 2 Db i Sk i vl 474k
A Rk

2 ETFduiRY EAY TF-IDF $5{FR N E %

B R AR A i IS BT v S SOAS s it 1 5 SR A
YEJE L ) B, AR SR AR T L e R
TF-IDF FRAESRIUELTE, b By 1k il 4 2 vty
W, BCEACE B ) JL A R, TR D e
LRI R RIS R T, SRR PR 4E
21 HLIET R

) 25 (A B R (VSM, vector space model) e
AT [ERFIE IR M IR . IR S bR SCR AR
TIASRERY, AR £ SCAS R IR R AR A DA SO
AR

EX 1 i . w5 Fa e oo
l, BLag 107 A S SO B ARG AR A
J ], IR B A R AN A, X R R 1]
eI RPR LG AR WS TE

N R R T IR AR R IR T, BRAIK
FROEZESE o FUEL 7 HR Lo Tl 1] 48 PN 1R PR # mT 3R0
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x2. x3 SEHE, HEE x1. x2. x3 RS
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AIRAE “FHL” @1
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Wz, Fikhed) AR LT,

N o FHL e W %
o R EMS RIF

IES Ly IES e

Jh 5 Fon [543 3]

R W =8 AR Ezxiil
£ R4 oppo dug [ - | A8
BH i M Hut

I VIVO Hrhk g7

Rl i 1R 4 Bl

1 iy R

2.2 TF-IDF $5{Ei2EY

L SCARRHEGE T R, AR, 6L
A G3 RuTiR K )& 440, e F 44 1A R Ak 1] i
FARH . SR, AR 44 D06 SCA 73S TR AS S AH
7], Bt, 2k 55 L AOm B e B .

FEAE AL A AR P b VR R AIE 1 4 N IR
AEWIR T — & AR, RRAE 10 73 28T R, Bt
TIIBE AR o R AR AU [R] S8 SCAS IR % 1) 4 ey B
Bk, RRSORM S g E R, XA
8 SCASH A 5 R R AT e 2 ) i

TF-IDF & H i N 82 16— R AR I AL,
HAB5(TF, term frequency)F1id SCRYAH(IDF, inverse
document frequency) Wi 7r 241, H W LK =Rk 1]
x MIALE, A3FEE TF-IDF BCE (1) FTR.

W(x)=f(z,x)1g§ (1)

Hrp, N SCAREE T=(T\,To, T, TSR REL n
K SCARSE R RS RRAE ] x SRS, T 3RonSUAR
BB i NIOR, f(T,x) F7s W] x 73R T, P i
BRI
2.3 EFH0IAY ERY TF-IDF $5{EfREY

N T I i Y 2 S R TR E T R R IR R ), PR
RIS, ASCEEHEE T hLid 3 e ) TF-IDF
FROESR IR, B FE SR Ak i/ y rhotin], B
CER 8 (L 1) I R AR IR e

K S O R O R, DASEAS

WAE R I [ AR YR, K5 2 AR DI
AEAR] B[R] — 1R R TP VR — MR IR AR o SUARAE 73]
2 A SO TR B fS , 8 T SCA, #iH
BUE = T B g CBUELIIAEIMED iR ok G ,
TN Z 1] 1] 48 T 7 ] 48 4]

S5 1 T O ) TF-IDF FRIEFEET
oo B, G CAREE TR TE AR IR AT, x),
FH AR = AT e Gy Tl TS S A ) B )
A SO C= {C, G, ..., C)s IR, 88
THE—ANSOR T, 9 51 x (SAT, x), HEF&H
B x [SCARAESCARSE T80 ns )5, EE
(D) HHEAEA R RGE Wx): Ba, I FTE A,
A5 j AL G AESCA TP L, WK SCA T,
HAUE KT BIE g BT SR 0N B2 0 ] ] 48
o, MEANRRFIESE X={X1, Xo, 0, X PR ANVRAE
TR X, MRFE ]

A1 TRy TF-IDF 82

WMIN XAET=-(T,T,,..,Ty

Wil FEEX=(X.X, ..., X,

1) N=size(T)

2ym= T

3) GEikSCARER T A 5] IR £ (T, x)

4) HLE] C — f (T, x)t IR m > 5

5) foreach T; do

6)  SUFSOR T, PR x IR £ (T, x)

7 Gt x SCARTE T 4R n

8) ) THE L] x (A W (x)

9) for each X; do

10) if GET,&Wx)>g do
11) ¥ x IIAFFIE 4R X,
12) end if

13) end for

14) end for

KT 0rA Y 1K) TE-IDF SRR BV AL,
FHAHREAE Y 0 L BRI 2 AR, IR 1A 2
L, ARSI DL 0T R0 4 AR R IA RE ) (1 A
LR RTIRCREIDY 3N

A AACLRE FH i 2 ) v 2 A ) A 4%
B R 5 2 NSO 5, SR SCARSIE 4 5
DU 190 28 v 5 ANREAE 4R X (AR 5ZARMBLE,
KPR,

AX .

N J 5
s(@) AIX ] 2
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5§ BRI R SCA R A JF BE AT I — AL Ak 2
J s A ARSEABLEE s(i) 1 h R SCARFAIE 55 SR AIE
MU RT3, BT AR, 2 A BME e K
FRPRFALE ™ AR R M SCAR

3 3IERNMHETMESLXEZ

BE X 3 SR AL AR IR = PR (R B, AR SR
3 2 DU 7 I % g5 R A R i N oy 2R A% . 3 = DL M
) 28 Y [ A T SRR ] 2 G AL, AERS
FEAEY R TS a4y 2K )2, B A4 s R b 78 75
1], 250G SCANERE R BRI B b . $2H—Fh GWO_GA
Gh e ) B, R DOREEN SRR | S s
RS X AL S H AT 858 S0, it 4
Fa 27 2] SRR e e TR 1 2 AR A AR
3.1 3 ENMETRE LSRR

EX 2 FHERR. s SC A n
PRI R IB A, TR i 2 . ek
i) H AR e RN RO ) 22 G DR 3R, (AR IR 2 R s
TR, IR A A 1 oA 357 I B ARk 1T
AR AR PR IC, HXFRRIE S T 1) B
BT I G AR SR B

MNEERE oy R, B 2T RO AR R
SERIRTN AR by BB SR B, R R PRATAS S Al
S PE IR AR TCE S AR DT T, AT A4 o7 SR B 1
R R I BB, 3K 22 AU A I AR .
X o3 FABE KR AE Jog BRI BB, A SCRA 3 2 Tint
Jor D9 &% G5 R B DLARRAMZ R B, ARS8 R S
AT R T IIN — AN 053 282, RHRFAE ] JZ2 X
MIZHZ, b rh SCHIEA 28 A7 A5 B0 2 40 43 S8 LA ARIE
FEAN G053 FS N RF IR AR A 78 75, AT J8E B2 T RFAIEJR)
BEL P i) 7

BT 3 )2 DU e ik an i 2 B, AR A
SCBCEE RSP ELARNE 0, K A R AA 53 1 3 /N4 43
F: K (ad)s TAEF(work)s 452K (finance).

AR, WRARISL e 2, Ao RECR TN Z .

B2 3 )= DU g 4 R R

3.2 GWO _GA &% 8%

UL B e RPSTEE SUBUB TN Y E VN NN E S
PSR BE 1) 7 VR0 AR ek . AR SO 3 2
DU 307 0 28 R (R S Ry o, 5 B SR AFe E F
FART R, S — & JORMEAL ) 454 27 2] 5
——GWO_GA 5%, JHLUN 73 2K e HEAT 451
72, I PRI 240 73 2K R A 1 27 2T U
321 @Rk

DL IR (GA, genetic algorithm)H 7% 3 4
DB —— LB A XRVAR S, AR S 2 7% SCHR[20]
TR 7, F R IR e R S i 4y
AR IR SRR IS Z A, AP o i)
SRR R, DRI ZRBLIR I AE 2 2R 25 AT 72
oh I 22 (1) 4R R SSARIE D ARG T SXAR IR 45 44,
PASRIN A SRt L R A 2% 28

BB 2R As T, X AR AT GA SEM
TR, X7 A M 48 2 P53 GA BEIIAS
(SIBEINAE

IrRAREMEFE . R SRR v 1R =ik
OAEHRIBL 2, BN KA 85I 2 e, 5
BEN IR R B AR, KX BT 4 K
W2 S5 R PP B T A — B, BN B 4
5 b JEARET T IR IX WO ik it . 18] 3 b ek
FRRAE, BT PP Bl (0 G A AR R A T T o T AR
K, (e R AL FRAE D, W BIVF = 4
DTN W 2 B X (D e (A P (RN R o e AR LR S
IS, BIRAE D23 i iR SR 7 LAOR B PR [R] IR 5L
Bom T ik 2 R, R R B HC Chill
climbing) HIEIFERAN R HAL o

o)

3 AL B

IR ERAZ X o KMAT B A HedtAT 70
RARGERIIIBENLAZ H, 2 AN SAR 48 S5 R IR0 7 25
Vg e B AL L= i A H 0 1 4 AT AT Bl XA
1B, ¥ 2 MR i) G, I G, I [RAT HEAT A2 461
(R AT 254, MW ZATZHD, WAT ar—as 51T bi—
by AHeo I3 IS L B RAE T I A SR A I, S5
AWTEEHr, PR TR AR R A
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RAREE s T DU SRR SO i 9B R SR 5L <155

IPRAREHIASE o X3 AR L Al 7 5y
AL TR AR SME RO I MOaa 84t AR VAT
(20 MR AL A5 V0o A 0 43 2 5 R HE T 1 A7 S
XA R 1) R REAT AR S, T a0 SR S AL ]
MEAR B RAE 2 M RAAAE U R AR IR, 1E
S RE s, BENLE RSP T AR SRR, ik
HRI PR R TR LA BRSO %3 o 3 #
15, R AAZIA R ILARAE -

a | a, | a [a - b | b, | b | b

1 a 1 a 1 a 1 a 1 ) a 1 a ) a 1 a 1
) < 1 1 1 ) < 0 ) 1 1
Lo ey Ty T8y Lo 0y T Ty
RS TR e R ] Fee=fe-—g--= q-===
) 1 1 1 1 ) 1 ) 1
v d,va v d o a V dy dy a
| ' ' | ) |

S

N s

Ay | A [ %is | Dis [T 15 16
I
bw bz b b4 > a | a | a | a,
1 1 1 1 | Lplp gt opt
RN e BRI R
r---r---t---q---4 ro--t---t---17 Bl
1 1 1 1 1 ) 1 1 1 1
1 1 1 | ! v by b ot b b
Ib‘) IbIOIbll |b12| Vo9 10 Ty Tz
- a a a. . a
bn bu b]s bm s 14 15 16

B4 ATSCHE AR

3.2.2 GWO GA Hik

FEXT S S MR A I 08 23 R AR AT S5 40 2% S B, 52
IIBARALELIE(GWO, grey wolf optimizer)!!rr 3 1
SR | AR S A I AR R A, kAR, AES
MR T 5, TR 3 NP 454,
HR eI ERAE R N BRI GRS M . 3 AN4h
FIHAELE & B REREE, FFHH 3 AN RALEH 3L
FIVE N B2 3 A ae 4 by, RISRAT 4R

9% 2 GWO_GA g5 )50, stk
SO RAS A 5y JE HHREAENT SUR 0 BLAR R, SRk
B RSP Goo SR AN RER N RURA TR R ML)
FIBEALE I) 23 BRI R0, HOR Y AU U 24
SLF R BIC VR4, 4 VEAr AR b 2 R M 2
BT, DSREOWIGR LSS Go SRAGVIaH L
JG, BNEENIERTE, HEREAMN KAL) .

AR, S RENLIN L AN ) Ty
LSRG R MWILRLEH, HRIL BIC $F4r. K
KA, MRS PIE 10 N4 (K
Pk GWO FEMIRIEE R 1E ARG M 2 A
SERIIEAT A A SUERAE = ARG M) s 0 7AR &S
CALSRER U SN IEWNBE w1k L (AN abei SRR Suk S
VB, FEXEFT4it BIC ¥4 . dxfa, XHBrahth s seth
AT 3 ANEERskAcSE, K 3 Mg kL RL /R

N R UGEARIWIAR A5 o 703 2 AT 145 F 0T,
HE LB, 200N E 2R B HR 4
¥, IR S LI S KA e 24 5 A 4514 o
B%2 GWO GA Hik
AN GEdE: DATA
HWid Wi dag
1) BAGE IM, B RSCHERE T RCR G
2) if BIC(Gj) >= BIC(G};) do

3) G(i,))=1&G(,i))=0
4) else

5) G(i,))=0&G(,iH)=1
6) end if

7) while(z < 5 KIEARIKEL) do

8) FhHE G4k G Inid, Yl il
9) BIC(GY)

10) AL LR A Gr

11) TREEM Gue—Gr AT RIBEHLAS

12) Gy N —IM K, Gl «—IM /)
13) BIC(Gy)

14) EHRT 3 R4 Gaw Gy G
15) YT ILE ) G—G.NG,NG,

16) t=t+1

17) end while

18) Mt iL4gity: dag=G,

FERLSR MBI IE R GEH, ] GWO_GA 5k
WZRARER sk, I AR IC IR IR B A T 45
Kz o), G AR G S B A 1) 4 S 3 454

4 HREMETIE R R

A S A 3k 0 2R 48 T 43 DR SRR AIE A ORI DL
Wiy RS 53, Horh, DU 3 83553 75 20 45
W22 3] SHEE S FHERE 3 N RE, 30 DU )
S D TR NSTeE SN N B v L DU 2 (A = 2 K VA
AL, ARG, B SECE ) AR
B, I DUMHHERR SR T SCAR 2

FEAE ] DA B SR S8 ORE AR ST AR TR R 25
M2 JE, AR AR O, R
WIS (EM, expectation maximization) 22! 5 5
WATSH ), I SOREAR, 2 )34 DLt
ST 2R (RIME 0A1T oIRGB HE B AL 12 )
HEBE, AFAFI SCAREMEAE RS, LB SUARFFIE
KMBETCRMI AT G, RIS TR0 )5 5%
2, WIR ARG SRE, MR R RA
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+ 156 ¢ ST =S 539 4%
FRPIN SRR ErHERE SRR TR, TS A e UE A o B

Bl 5 A R UE R, AR SR G
93 I SOAS 3 T R 2% A T ) A SO TIAR FR S
SR FFE T A0 1) TF-IDF REAE S BN S
AMCRFAESR I, FERPRAE 1) S48 DLH-307 39 2% 3
gy, B, T GWO_GA it~ ) 8k % 3 J2
DU R 23 5 AR Y, A A A AR R,
EM S50 )N GRPEARSE , vHAEY R e ME %,
IR AT B 2% 14 M % % (CPT, conditional probability
table)'; Hefa, 7E4 AR SCA d S AEUEds i
T, 4it CPT R BEA AR R T HERE, 8
B AT 5 0 TS R AR LG T v T A 4
FRHE, bR bR e er.

Sl P
[ PR ]

(g E R | [ R SCACHRE P B

Y Y
I EEEREE T T
=TI
Y
| CPT P LS I A |

ESloR

5 LRI vE R G

B A JE AR gL e SR AT BL Y R 5 A4
.

T SORTIALEE . SEAE ] NLPIR 3k 736
RGO SCATEAT 73 R B, 4 AR A4 1] Hm] DL 93
A AE o R B, e Al AP

PR 2 RIS ARIEASSCRE T 3 T
3 &K TF-IDF RIS B, XU R A fiky
AEFEI IR PP ORI [ 4K

PR3 LikE] . TRl 3 )2
DU 7 00 2 S kg R Y, R I, A T AR ST HY
GWO_GA SR ZM AT S I 2

T4 SHCA . I EM SR SRR
FEAREHR AT 2 K0 5, S RO AR SRR
K, JFRAFE] CPT Hi

B S R BRSO SR AR AT DL
R, CEPEABURE S i A AE Y RV IR, SRR

N

AR G S, XS IR EAT SR AR a2
5

ARSI 53 B SN A SCENE RN R U GA %
AT b, UF AR SCRE I T AT . LI,
XA SR 5 A 28 DU S0 1R M e kAT EL AL, LA
IEHA 3 B M T AT A R . RE, A
EVE S A HC 5k, GA FVERIASE %
CA 1 SHC (simplify hill climbing) #3224 -
W 2% 2 e I 225 i 60 o S S A e dpe 2k R[] s sk
ITPEREXT B, DAIF B AR OO0 48 vk ot () 1
BRI o S5, R AAR SRR B R 5 0k
N, SRR T TREC /A Heb7 e 4 75 ) i v S
It trecO6c HHRAE ~, MATHTI B8 EE S AU
ERINPSNRELE
5.1 SRIGEE

7 I I R T B R A, I P
FEANBT T BT o T 190 4% K 22 B U 1 T A 50 2
XS ZIH, KZHBEARF A T Wi v 1 52 br
ok, WA SCERE B SR . IRYEEE AL
VERRES, ASCWEET 3 000 35 MR 4F SC A B ok
U, RS TAERIT S0 3 2RI, X
3 BB SCA, IEBISCARGEIR IR 60%,
S SCAGE#WEPE) AT EE 40%.0 [RIF, Ry fifi 4 3 o
Bl 5 3, SR 2006 4F TREC 2 3tdii
MR 5 2 SRR trecO6c 1 R S FEAS, 3% ]
trec06¢ Hif 10 000 EFHRAAEE ks, b, Hidk
MEAF 6 631 &, IEHMEAE 3 369 .

FEADZE DU SR A g e, A K PR S A 43
RIS TAERIY 4500 3 8B4, 1 2 4 145 5
AR SCA o AR SCHLER () 3 000 5 BB SC A,
2000 EORNGFEAR, HA 1000 3R FEA .

15 3 2 DU 2 iR A g R e, WP R A
ARG R TAEFAA S5 3 R, B 2RmB A4
I SCA R A SCA . [RIRE, 3 000 BB Sc A,
2000 EORNGFEAR, HA 1000 3R FEA .
5.2 EMNIERR

WS (W S ) A2 R o B B ) 2 A A AR B
WHHLY, FAAAERE a, WT4 e ER/NMAIE
b, BAFPAEIEEEE L 50> IW, L -a <b
TS, MIRREE (L S

A GWO_GA HyEAsgs GA HikkRid
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RAREE s T DU SRR SO i 9B R SR 5L - 157 -

TP EAR L5 1) BIC VR R IR, KAk
PR PR AR Rl — 25 rh, a2 ) o) ith £&
Bl ke I B A AR RIS, T BIC VR4 45 1
KA, AT, XU AE, P, 2
I & B v PR EER N, SEBR VR B

i FH 1EAfi % (accuracy) .« #ERfI K (precision). %
4= (recall) 1 F1-Measure 1F A 37 3% B 443k 968 1 1k
REVEN TR bR . BRI IEAR A =iy ar, FIWTET
BRI RICA afs AESISHRRRICh ar+afs
Vg 1o SRS ) Ay B A R R e ap, B IE R
WIS A2 e DAy SIS A () S B A fp, A IS4 )
JE A IEH IR S Bl R fre

IEH% A RKom A
at
A= 3
at+af @)
HERR P Ron ok
ip
P = 4
0+ “)
BRFE R KRN
1p
R=
P (5)
F1-Measure &7~ 4
2PR
=5 R ©)

53 KBERRSH

w52 NPT, & PE BN, SRR T
sl . B 6, B B AR E A WG I, A
L GWO_GA S5 56 GA %1 BIC VF4r7E 10
A g 2R R B, KRS brvP o E Usl B TF,
20 K F) 30 RLAW LA, 1T Ja W4 REE— e {E
R NIR RS . R EER, A SRR AT S
Pk, HASCEIE PSSR LT I s GA 5%, i
AL AT T AT 1

4000

Q)
3 500F

—8—GWO_GAH3:
i

& \
& 3000f |
@ ]
@ 2500¢

2 000f

1soob—o o R L
1 5 9 13 17 21 25 29 33 37 41 45 49

Kl 6 BIC oLk

B 7w, BEEVIZAEA R Z, A3 DU
FAIN AT RIEARYERF 1 60% a4, Ja AT i
B A SCER M IER AR WRGELE 75% /47

100%
90% | | AN WS Rk
80% f O3FGWO_GAZEH%: I 132 DU ) 4% Bk
70% |}
60% |

@ 50% |

M 40% |
30% |
20% |
10% |

0 Ly
200 400 600 8001000 1200140016001 8002000
WA R/ &

7 RIEMIZEXS L

XPANZE DU BRI 5, B T INGR AR AN
Ko, SRR AR E 17 i T SCOSUARE
MERARETE, SCARERIE A e, FEARSREEL
Al BT, SO RN, B SR R LA
JE B U IARAL, IR SCAS A IR IE A 3 1
I, YNZRREA 3G 2 50 coh 74, m - B0k
MERARAN, R N o SR, XA SCEE N S
3 JEEE AR 5 TG OK, R R 2 R 3G,
TEM 7 R EGRAENT RS R E M OL R,
GRCARLEA W I, R ORRF RS E . k]
UERH, A SCEE LD 22 DL 5k LA A (10 ot ik
PE, 3 ZE R B A AT R R

Kl 8 & 4 FhEELEAN R HHE A P IERZ ., #E
iR . 4% F1-Measure PRI, ME 8 Hr LA
FHA L GWO GA HiEAsah GA HIEE IEMZ.
HERf K L 25 4% Fl F1-Measure X 4 /N 2&fqbs _L#R
thihae, &t HC LM SHC SRR RN,
JEIRE AR b, SRR EMEL T HC Fik.
BE A I ZRFEA S 51 BT, AR SCREE A 2
Tt SR 2R SN, Rk RE
WAE EFbs R, ASCHEES IR Ao AL T2
B, AT AR SRR T RN o

T 2 ry W T TS 2 AR 7 33 IS A2 ) o 1
TSR 22, MERAR 2R i U0 BN L0 IS4 e DA s 3%
MR PR B i 2D, 8 2 6 vy U DR S S S 140 5 A 1E
BRI B R />, F1-Measure (HUE 255K M. M
FWHAERE , AR SCEIVEA BT A E L A1 R
FEFHIT 10%. 10 T 5532 1 1 4 26 ey U BH B0 17
SRS PR AEAE IR AR, B DS ] RS2 A B A A

2018281-7



+ 158 ¢ m s ¥ 539 4%
80% 80%
2500l N/(—x—)\(/x/x\x/x 75% | W
70%} 70% F
e
& 65% o Ay @ 65% |-
- &
60%}- +2§§ﬁ \/ 60% || —o— HCH%:
—o— 2 —o0—GAH%:
+ v ¥
55%} %‘\Jﬁféﬁ& 55% || —&— SHCH%
- —— X —%—GWO_GAK
. . PR o , 0% —— — L o .
200 400 600 800 1000 1200 1400 1600 18002 000 ° 300 400 600 800 100012001400 1600 18002000
YN YE FEARL/ B
(@) ERI (@) MR
105% 0.90
100%}- 0.87 ¢ W
95%} ; ; E ; t f p 084} o
% s ¥ . g
& 90%} = 08l
fil 5
o/ —o—HC;ﬁ‘Ii - o
85% iy 078 H —o— HCEE
80%k —ﬁ—SHCﬁH& - GA%:Y%‘
" | S Gwo GAFL: 07 SHCSI%
; a 072 —%—GWO_GAK.#:

FEA R/ 4
(o) LXK

© 200 400 600 800 10001200 1400 1600 18002000

200 400 600 800 100012001400 1600 18002000
AEAC R /4t
(d) F1-Measure

K8 4 Rk RNk Rt bs

A, EBISCARZ .

1 WA 2006 4 TREC 240 3% fis 438
PEASCHR trec06¢ VE Ky SERFEA G L T ASCEE
EMRrE AR R LR, R LA, A
RBF-SVM 5 3 7% SC A [a] £ (1) AL 43 A1 R iE 55
2, PTw2v S0 B o5 At (14 28 L R
FHEZ s ARSCH 5 R 08 I R v SURRAE S X
(¥ C4.5 SLEPOHY, ik T SHC 53k,

R 1 trec06c IERIE 4 FHE LS ZEMERERT EL

— EHC 34‘.5 PEV&‘IZV GWOfGA
= R7R ik ik ik
MiBTES 0.7370 0.9143 0.9578 0.828 9
AR 0.938 0 0.869 2 0.960 8 0.979 3
F1-Measure 0.8255 0.891 2 0.969 3 0.897 9

AP 2 O SR WP ek 2 S B (1 93 2 P g L
H ORISR HIR R, YA TR &
ERATE . DR I PR L, AR
e A B AL, U2 AR A2
ARG IR . ASCHNEAEMER R B AL, i
DA AT i A SCAERFAE 1R e B A 03]
SR LR RFAE AN 3 2 AR AL TR,
I TR by o A I PR R I - B SR A

ARSI R0, AT A8 T A 5 0 DAy B 3R 1
BEARAER A, N — R X e At gt o

3 JREGHRE IR R RS AEAE 5 S 3
HISPE3 g8 P I EANREAE 0 R RESRTE, (EX T 2 4k
PRI, JRRAAAEN 3 J2 S5 RRR FRAR T 1
o BRSO R REA ST KB K 70 2545 »
IR SR 5 S B oy FAR G A IEAT T A4, AT
AR L K 0 VR ) e P ] 4% A e R AR
GWO_GA 5L INZRIK L7 90 2% 45 44 X5 il 5
(ST

6 HRiIT

AIHT GWO_GA Hik % > FER 3 2 DL
S g B g N7 1 R Sl SR SR I R g, Tl
GWO SVEMSKIR G 4URT GA Sk, A8 XMAR
ST IR ST R SR A IE AR AR, Af
BB S SRS mETHHET R
TF-IDF S5 AR K AR AR 4RSS, ELEEH I T Ak
T RIRIARE S . 5 VU 45 14 3 2 45 R Y
SR NIE A 5 T = R B B R IR, A GWO_GA 45
Fay 2 ) ST TORA RS IR 25 Jag 1 2 ) R ST AR e
A A b B S o R e AT R (W ok D
P T BB R R

2018281-8



%12 W

RAREE s T DU SRR SO i 9B R SR 5L <159 -

S K-

[11 SAHAMI M. A Bayesian approach to filtering junk email[C]// Proc.
AAAI Workshop on Learning for Text Categorization. 1998.

[2] ANDROUTSOPOULOS I, KOUTSIAS J, CHANDRINOS K V, et al.
An evaluation of naive Bayesian anti-spam filtering[C]//The 11th Eu-
ropean Conference on Machine Learning. 2000:9-17.

[3] DRUCKER H, WU D, VAPNIK V N. Support vector machines for
spam categorization[J]. IEEE Transactions on Neural Networks, 2002,
10(5):1048-1054.

[4] DELANY S J, BUCKLEY M, GREENE D. Review: SMS spam fil-
tering: Methods and data[J]. Expert Systems with Applications, 2012,
39(10):9899-9908.

[5] PANIGRAHI P K. A comparative study of supervised machine learn-
ing techniques for spam e-mail filtering[C]// Fourth International
Conference on Computational Intelligence and Communication Net-
works. 2012:506-512.

[6] ROY S S, CHARABORTY S, SOURAV S, et al. Rough set theory
approach for filtering spams from boundary messages in a chat sys-
tem[C]// International Conference on Intelligent Systems Design and
Applications. 2014:28-34.

[71 WANG H, ZHENG G, HE Y. The improved bayesian algorithm to
spam filtering[C]// The 4th International Conference on Computer En-
gineering and Networks. 2015:37-44.

[8] ELSSIED N O F, IBRAHIM O, OSMAN A H. Enhancement of spam
detection mechanism based on hybrid k-mean clustering and support
vector machine[J]. Soft Computing, 2015, 19(11):3237-3248.

[91 HE H, TIWARI A, MEHNEN I, et al. Incremental information gain
analysis of input attribute impact on RBF-kernel SVM spam detec-
tion[C]// Evolutionary Computation. 2016.

[10] SAIDANI N, ADI K, ALLILI M S. A supervised approach for spam
detection using text-based Semantic representation[M]// E-Technologies:
Embracing the Internet of Things. 2017.

(1] #ih, B, PhAIELEE. SOk kb 28 DU 30 S50k 78 457 S i A it
JEHBIT]. WAF2ER, 2017, 38(4):140-148.

YANG L, CAO C L, SUN J G, et al. Study on an improved naive
Bayes algorithm in spam filtering[J]. Journal on Communications,
2017, 38(4):140-148.

[12] YOGATAMA D, DYER C, WANG L, et al. Generative and discrimi-
native text classification with recurrent neural Networks[J].
arXiv:1703.01898, 2017.

[13] GUPTA H, JAMAL M S, MADISETTY S, et al. A framework for
real-time spam detection in Twitter[C]// International Conference on
Communication Systems & Networks. 2018:380-383.

[14] ALI S S. Net library for SMS spam detection using machine learning:
A cross platform solution[C]/ Applied Sciences and Technology.
2018.

[15] JAIN G, SHARMA M, AGARWAL B. Optimizing semantic LSTM for
spam detection[J]. International Journal of Information Technology,
2018(3):1-12.

[16] WU J, PAN S, ZHU X. Self-adaptive attribute weighting for naive
Bayes classification[J]. Expert Systems with Applications, 2015,
42(3):1487-1502.

[17] ZHANG L, JIANG L, LI C. Two feature weighting approaches for
naive Bayes text classifiers[J]. Knowledge-Based Systems, 2016,
100(C):137-144.

[18] SALTON G. A vector space model for automatic indexing[J]. Commu-
nications of the ACM, 1975, 18(11):613-620.

[19] AMAYRI O, BOUGUILA N. A study of spam filtering using support

vector machines[J]. Artificial Intelligence Review, 2010, 34(1):73-108.

[20] XU, w L, 2250 A, — ol AL S DU ) 2% £
R 3 [0]. PEAL TN R E 254, 2013, 31(5):716-721.

LIU B N, ZHANG W G, LI G W, et al. Bayesian network structure
learning based on an improved genetic algorithm[J]. Journal of
Northwestern Polytechnical University, 2013, 31(5):716-721.

[21] MIRJALILI S, MIRJALILI S M, LEWIS A. Grey wolf optimizer[J].
Advances in Engineering Software, 2014, 69(3):46-61.

[22] 1 Z W, XIA Q B, MENG G M. A review of parameter learning meth-
ods in Bayesian network[C]//Advanced Intelligent Computing Theo-
ries and Applications. 2015:3-12.

[23] KARSHENAS H, BIELZA C, SANTANA R. A review on evolution-
ary algorithms in Bayesian network learning and inference tasks[J].
Information Sciences An International Journal, 2013, 233(2):109-125.

[24] XIRESR, BBRBY, 44,55, JLT Bayesian USRI 0l 2 i 12
WS SE[)]. (XA AU, 2015, 36(7):1554-1561.

LIUH R, LV X H, LI X, et al. A study on the fault diagnosis model of
rotary kiln based on an improved algorithm of Bayesian [J]. Chinese
Journal of Scientific Instrument, 2015, 36(7):1554-1561.

[25] TANG X, WAN Y, LIU Y, et al. Chinese spam classification based on
weighted distributed characteristic[C]// 2017 Chinese Automation
Congress. 2017:6618-6622.

[26] HU W, DU J, XING Y. Spam filtering by semantics-based text classi-
fication[C]//Eighth International Conference on Advanced Computa-
tional Intelligence. 2016:89-94.

[EH BN

XIiESR (1980-) , 55, HIBVTMGIRIEN,
eIl KR AT, TRy
) ) TCEAL N &% . L A i

d-h

A, BRI [k U0 4
A

=

4

SRHCT (1980—), 5, Wb A, WAL E RO 58
AL R TR TSI SIS ) 0, E BT I A DU
E2 S S N {57 YT

EER (1993, &, wAbfrE A, #MlR2Am-A, &
BRI 1) g UL R 4%

EERE (1994—), B, JAbHREEA, Ml K2Emi g, 3
BT TT W AR R DU TR 4%

2018281-9



