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Design and implementation of spam filtering
system based on topic model

KOU Xiaohuai, CHENG Hua

College of Information Science and Engineering, East China University of
Science and Technology, Shanghai 200237, China

Abstract: Spam filtering technology plays a key role in many areas including information security, transmission effi-
ciency, and automatic information classification. However, the emergence of spam affects the user's sense of expe-
rience, and can cause unnecessary economic and time loss. The deficiency of spam filtering technology was re-
searched, and a method of spam classification based on naive Bayesian was put forward based on multiple keywords.
In the subject of mail, the theme model was used by LDA to get the related subject and keyword of the message, and
Word2Vec was further used to search keyword synonyms and related words, extending the keyword collection. In the
classification of mails, the transcendental probability of the words in the training dataset was obtained by statistical
learning. Based on the extended keyword collection and its probability, the joint probability of a subject and a mes-
sage was deduced by the Bayesian formula as a basis for the spam judgment. At the same time, the spam filtering
system based on topic model was simple and easy to apply. By comparing experiments with other typical spam filter-
ing method, it is proved that the method of spam classification based on theme model and the improved method based
on Word2Vec can effectively improve the accuracy of spam filtering.

Key words: text classification, spam, topic model, Bayesian théory
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FREE MR Y &, BTmtes
BAANTEE T, AFEHERE. ZRPNEET
B. (HiTEHM SMTP 8= R4 ANIE. K&
TS A o 3 1R 958 LA B2 B BRI 23 A = 2 4
FRERE, BLR R T A R AR L i
MELF BB BB LA, B U BRAE B3R A 42
T T KRB TAE. SR, bR le-Hl
M BB N KR ELIRVE BT BUR SRE AH <
BRI . TR LIE, HuhRFE
PIANER MR ERAF R RE R ERE
Ji, TR ™ ¥ SRR T KEAAE
IEAAMEM PR REIESAR; PCEERFEE
PR PR T SRR A 5 IR R DX o) SRR
K, RZ ESRTHIEE B R R 8
Bk

EEXTLA LR B, A SCRA S 7 HI EL B AR e it
BERAEAC TR Ty, dR T IR SRS T i
IR, o EEEREERHEBRESLEF
WIN AT TRIESE, R T BB RN A T
BESR M 8 K AT AT I 5 BB AR e 1 R R 3R
TET X BRI R R s
LT —FhdE T A b SRR R A,
SURSH % | LWR7R L Ps f= A RTINS e T
B ¥y 3 4 3o 908 7 12 J B F Word2 Ve i
THERYIERTT T s, EEEARNNA
IRl

2 ETHHSRAEREK

21 HERFEHEFBGIERAR

L R MR o T B 3R A ) o g R o, B
TAAXHA TR T EA RO LR, FTENY
LRSS . T ORI 07 Bl A
—RIV B R A E b R R . BAR, XETTIEN
T 2 2 K B Gk S B TR AR 33 R 6

WA, I BARMERCR S BT T, X B AR
SR RETEBRARKET . B, bk g
P T HZE T 5IART ARSI AN
FE,

T W BB A R ISR S Tk, —
B BT .

T RWINLEHEES, BEdEMFR
IREIRI A KRBT U, HEATZBFHHER
pop Rl fa

PE2 BaEs, FHINGESNGEL,
EHEEADSH.

PR3 MHIIZGFREERY, X887 il
HEITIL 88

RaERsEEd A MINEES QER.
BB YNGR AR R B IR R AR (a4 & =
T ERERNHRND AR5 KR S A 3 35 B i 4 341
b1 LN

BILJLS, BERIMERE TSR O A IS
T REMBIFRE. Sheu & AR oA
BT =ik bi R SRR . Feng ZAPHEH T
BT AR M- 4y KRB INGRE S K71, 1
THOEE Y, REK SVM-NB JiLRER
AR MR R AR BUAE ¥ . T Bansal 2 A
PR T BT R A B 0B8R R Ty
%, FHEBTMERE P M T HIZRRNA.
FA, TR R R RE D B IR R 1 Ok
R THWESR, Chan &AM m BT
EEXTHERE AL, HEW TS IR T I R R R
WHiE. Rtz —SHAMPEAR SRR ES]
BT HEARFM IT AR 2kl %
R4 N T ok i R S BUR B A R se Bl T
P A5 B oy S B ok 0, R oy S S i B T 9
M HTEET K.

22 HREBHERANES T E
(1) Decision Tree J5ik
TSR P ) FE 99 B N 2 B IR R SR P AR 4
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RRATHES. goEm A AROR & B iR 4
%, WPEBANTARRENMNR, M0 X
BREEATRMBEME, TS X
MR S B ZH W AR E TN R RN
T8 I .

PR T ABRR 4> 50, BERIEWEH
WIS HTT . NI —NABRE, JORME—F
WBEI . EHERANBENREE, *
P ) e R B — N EE 4 2KE%, T
oy B e B i B AR )

~ (2) AdaBoost 7%

BIERN 5% (adaptive boosting, AdaBoost)
RIMNAEENEHEBIRER, AMBRE
RIS K2 k. Carreras 1 Nicholas!'>!h¥
AdaBoost 5| NSRRI 38, 3K1G T IR & EE.
AdaBoost AFEMBENET: FHKNSEES
MU T REBSEROREE L%,
AdaBoost 77 ¥ % T 75 B4 A 7 % B0 R B
. BE—tp@id, METREHFEIHE,
AdaBoost J5 ¥ X T it il & 1) A 95 Rk .
AdaBoost J5 i R4 KA TTREARSS (Hhtm
HIR KA IRE), HERBER BRI
— i (MW ER Z 0 KEIRER /DT 0.5),
B B B AR,

(3) Rough Sets J5i%

Rough Sets HiLE—FHLEFrBME:, H
FEAEFR IO T 5B IS IR AL T — MBS
R 5. % Rough Sets 5| Abi Rt 8, X
A 11 e A B CBHERUE ASG PR
RIFATHRHE 2K (EH. TTEHEMRID .

BARK, RS A2 FEME: 138K K0%
g, 1 Kk EE . A Bt gk B &
BEERIESNRE 5, SEA D BRAR A W4
Bt R ERepEfE, WIRBEHAN, M
FREEEHHEN, MUK RERMT
IF-THEN %0«

(4) kNN 7

k-IE48 5% (k-nearest neighbour, ANN) 7E£%
PRI R B E WH Tk, B PR S BR
A TR RHEN L BOE L MR RIS 1)
HRR.

2.3 BFhRss e RS %

XoF -l bk 4326, — 5 AR SCA,
BT ARG H—H, B L
KRB RHENT B R LIRS, B2 —Fh DUy
SHBETERNE . BUEZHSSEEEAR
Fp DU T, BOANER DU 7 EE R DU B 4%
FiE. WM AFERN—BER R, RELEME
ERMERT THRERAER, SREY, XXt
Fumilmz £, REZEAMERRE, Nn
W s B MR

FEL R BB AR I P, H 3 AR IEH R
5 b R R I Se S R . 1 LR S 43 KRR AL R
888 & L R SR A A, LR AT
ZIMRE. EXHERREEST, BBER
FhE DU T4

Mt REERETHES T REN—F
SFFE, CRABHEBEER. FERER. 4K
FEREFM A, BT 2N A5 R,
HRIMBIEFFHIRR.

Har, M-St aiEsEsg A T8
MERSGT, ©RARRES%IMEMEE, W
AR ERAPIRA RN, Bk, Nntingd
VBRI AR BB AR B R MR 5 IE B M B R 54
RIEATHINT . SAEREISCE RS I HE AR A,
Nt e EEE MR AR AR, w2
AR IER AR, NTRAT 28t
Eigifgt.

24 ETHENHHIES LR

FhE o 2K B R BRI A A s
BENH > K50k MIRXM T, W EARSE
HE BN, NERER KB T WNHEERMR.
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PR s M1 5 AT AR P — 5 B oz 3 S A R 3
RHREE, GREEE L ugds, MTEBIRR. MM
iR B R A H A

FhE DU or R RIFAE W B 1 20

Q-
TR j
[ AR )
S sminsme
[ AR EPO) ]
(7 AR BRI
H AT R4 B A
§ mmme
XA RIAH
[ PP ]
BAP(xly) Py, i
T RBT R AR

Bl 1 kb o RAR

wi, FRERIAMHoRKBAERE, CH/RK
RET “HRETARE &AL o« FERDHK
R, RN T RRAAEYIE, E2H
ABOLE, BRI IR HL, TR 5%k
MIR&RI. AP, JIHATEEKER S
BE, MRAAHNAERSESR 3 WHENH.

3 FERBEIREBHITIEF TR

3.1 BT REIARI IR AR TR
3.1 F#xEs
FEEGEEREETRBARAR, RANME
T TR B BRI, iRk
BRI EEREE, HMmESRER. X
MOTERIBETERER, AENEERE .
3.1.2 AT X4 eyeRs i B oRAR
M LF, wfFd e UE R A5

2K1a) 8, BIAEHRA:S k3 S B A AN Sk B2
F T O 1) BRI B VR TURR T R R YR AP R
DS ITvE, TS SRR KRB LR R AP
BRA AL

BB 1 WEKE W3R B F0-& 7% b4,
B ST L SR R SR MR AR

S 2 REUHRA X AR AR T B B S
FeeR, B4 sales cash AE R token & FFSEvHHREL
) token &3 H BB IR BN 450 4 B B 7 vk
43 5 Ab BB 57 3% A B2 RN A v B A AR R B BT A D
o RHA N f U KB W GREARE ], 2
E| P(SIW).

P® 3 B -MBAENN—-IMESIER, &
VEHRBFEEXT W % hashtable good, 3 3% B {4 SE X
[N 3R hashtable bad, RFf7fifi token H F|F5K)
BT KRR

PR 4 HHEMHIIERD token & HILK
M, WUERE] P()F Pyt), Pi@)ERNR t1E
hashtable good FHIME (HFLZ token 5 , EHTE
A BIREER )5 Po(t)FRIR 1, 7E hashtable_bad i
1B (thah R token 5 ¢, ZE37 3R MBS FIMEED:

__FtokenH: Ity 75
XTI B8 2 A

|5 PR 2 PSR RIESE]
1 P(S|W), &i& % EWFIE hashtable_good FH
hashtable_bad, # W7 H 25 %7 3k i 8 44 o B0 A
token E B, 1T R A BRI BOAR R T EUA

Pd|t)=—D) 2)
TR+ R

Hp, A FHRREAE AL 11,00, 0
fFK token H; P(A|t)R/R"Y token & ¢ HILEST
W AT R A B, 1 R R B 3R B R

R BB SES 2] N A token & £, 1
hashtable_probability H5F N HER P1,Po, ", Pys
P(Alt1,12, b )TN TEHE A R  HE B 25 token &
tiyta, oot BF 5 TRHIR A Ay o S BB A AR

(D
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P(A|t,t,0t,) =
PxPx:--xP, (3)
BxBx--xP +(1-B)x(1-B)x--x(1-PF)

Y P(A|t,h, - L) T BHME (Bl4n 0.95)
I, AT DAL IR Ak 5 3 R
3.2 LDA FRE#H

LDA (latent Dirichlet allocation) HJF=4:F1K
[P TF-IDF. LSA. pLSA &% X SRk,
BT LDA A 1) RIEFRBCEERN R IGHY R,
—ZRH IR R TR 8 &MU RE E,
I A AT IR R A BALER R 5T P,

LDA BRI B WAL — RSO AR5 KM R
R ERRE, ERICHETER IR EE L
MES ARG H, AET ST EREEIE
HKER, SHER, B/ —FRANFRER.
WA, BRI A—HE, A
FA% RB e G U o

LDA B—A=E0 IS e s iy, |
“EH AR M SRS M. fE LDA &
RIch R “WiE—H M BB B
AMETIZH . LDA RICCAE D PE XA wEHWT
At WE 2 Fos, TRAEERANL DER
SRS, Ny R d RSO RIE A B

B2 LDA R

;1 BESCET R N, FZRAS
B & IRA 74T -

B2 WE, EZRMNZEHN a KIIKH
WEDAR.

T3 WTFXESR NMRAFEIE A wae
WE— AT z,, HZRASEH 6 HZIAS
s KRB p(w, | z,, B) BHEE—NEE we
3.3 ETEERR MRS TR

FT BRI AL R BB AR R, X B0
ARy S MR AEAE A REAT YN 2R, SR HRBL I MR O 4R AL,
KA DS el vk oy Bk, M b Sk R (Kt
o FIHBREINBIRARE SIS, s fFE
T, HINT, X BREsE R kiR, SEEL
RS i npuw:

HAESTHSRIT .

PT®1 RE-EHENURMES GE
WA, 38 STAE N PRz S S A SR AN Sk SRR, T
SR B B R T BRI LT B A R B
HRLFRIE R P(SIW).

$W® 2 FIAH LDA TRBRIXERAF3t4T £
FRFHER, 4SBT O 50 s SR R AR A AT Y
G, XTI RS VA MR A B R AT 7
A, FERHUERAFRIARAE, VAN EE. LDA 2
— PO E RS, RN =R U
MRER, GaE. Th. IEX=E4l. &
AR, BRI s e AR EE P21
BEAREFET — N, HFAXAFEHFU—ER
MR EFEXANFE RS ER B

PR 3 HBEHEAXTEENEE P
AIAENBRAEEE; BRENEFEHANERT
PR R R BB R MR RR 2 K%

T 4 RANMES RS B HE
B 3 BB IE S B E AR BT T R R ) 228
LB HR A 43K
3.4 EEIEMH

FERABHA MU AR EREH A
SCREFER Y BLE $iA B £ 2D, i TF-IDF 4, {HiX
FhIPEE % B BT H JE HE SORER, HTRE
PIANSOR R R AU P9 BB R RE 18 L A2
5. LDA $REUH 3R 0 B4 8 B 1] e 5 2 K R
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RSB EBAR, B HEREECRIAZ
] o B2 A OGN 2 AE
] B RIE, METASE R Word2Vee 71k, #4idiE
A AR, FHR T EEE I AR LR
B[R IS e A Py 2 o S ST R
F B IE HEE, B A Word2Vee A A AN = BTH
WERREGH, 1EA EMENEMY A, TR
AT B A BT

4 LrsRERH TR R BRI R SR S 4T

4.1 EREEHEASERYIEER
4.1.1  3IRIRPRiL IR HG 5K A

A5 3CR F B IR R TE LA R,
& IEH BB R IR M 8 000 HF. & 3 24 HLi s
BRI F7 45 (s 3% IR 247

154

HHEES: ARFHCHAEE N DRk, FREETLL
A KEFRENRTF BEL SR RS KEFUEEE
MARLE. RIEE OUEBIEHARE. EBRAEEEHRE.
WEZEMERARE. BRLEEHARE: TEEHEE &F
HitReRE &, FEFEERUER, BaEmt, B
ATRE AT

B3 bR eiksEs

A0 246 B - 5 o7 3% R 5k 0 B A ) o
KR, JREIT.

B, MR, REE— M. RS,
T S4B 7 1 B A R0 bz 3% B4 b b HH B A
. flm, foE “RFE” EZAE, {E 8000 HRK
BRAEH, 200 HEEFXAME, A KBTI

kAR 2.5%; TH7E 8 000 B IEF AR, HEF 25

BEXANE, A HISRR R 0.025%. FHEE
AN CHRE R ER PR, AT
WEFZIA PR B, 0 B, BERE

AR ESIR A 1o RV TA S TR B2 3% i 14
g, EFEERETERE, SR E T IE R AR
BUAT R A 0.012 5%(1/8 000), RZIFKR. BEAEHE
PRI, AR ERMRT RS BB
TEEF.
4.1.2 3B ERIRM AR
TR IS RGBSR,
BN RORBAT VAL, BI—ANREW LA
ERMICERE R THE. BEH N AR
WS RBAHSE, TUHR 1| kFRALE
REFTIRVPRIE . 4 ANTLERGEHEH
HBLRIE S B A AN TVRAINIER, TRE
PEHA BRI BRS¢ NRGVPHINIER, W
ANTIFHAB RS D WA LE RV
K IEH BB AEER

FA BIRERAERIE

S b S R Sl A IE B BB 44
Sl s bt 3% A 4 B
HRE O IE B c D

B AN JUANTE bR SR AR Bl 532 50 7 3% B A4 K
T EERBOR

(1) AEZE (recalld

FIR W B — 3 B IR ERA I, 43I AS A A
R, TR, R K88 Mt
FRBJFBEE, HHE A

R=A/(A+C)x 100% 4

(2) IE#EZE (precision)

TR 53 2S48 X TE 5 WIS 4 1 a2 45 S A7 i L A
SPERIREER, Kb SRR ) kg Sz 3 A KR A b
A A Sk s S, ERR R RS
KBPIBR A, HEAN:

P=A4/(A+B)x 100% (5

(3) iRHAZE (misjudge)

F 3R E B MR AR IR A ZE, K AR B R A
NIREARE, XEHMAR N RELEAN
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FIREETEAR, WRRARIRE, NIRRT RER
HEIRIFM A EBR, FRAFBRIKERIE R I
A3 ) g BEAR MR R R, TEERR
M=B/(B+D)x 100% 6>
(4) ¥HE (accuracy)
S RB IR T WA K IER Y, TR
TN MR 1 WA A BB E R, THER
A=(A+D)/(A+B+C+D) x 100% N
X L 4 R M VHE PR SR L EHUE.
HEHE P ORI IER > RKIME, BEERT
LR T VEK R E R A KRR, F1 ENER
p=1 BIH) F{H, REFHN FEZ—, WTLEE
BEARIER AN A B W — Ay . X 3 AMEHE
REERE RN BRI .
42 LWHERSHH
42.1 LDA AR
B 1 HEH jieba MAHESABRE
300 NSO, BFRUN 1-seg.txt. 2-seg.txt %,
Biltn, “&4&” “ftR” “MK” “&iE” FiEiE.
$E2 FEA LDA TSR G LM 300 &
HEE, 18320 LML, . “0.090% AW +
0.090* ‘/NARE’ +0.090* “HFE’ +0.090* ‘Himk
B’ +0.090% ‘FAZE”,

- B3 EJEEE] 300x20 4EMAUESERE, 300
R 300 BB, 20 Fx 20 MEH, BEGH IR
F120 N FEBZ WA

K¥H LDA FEEAIEE, MRS P
300 HHBMA-HEAT EMHE 20 NEH, FEIAHE
A 104, BB AR EE, 4R K 2.
422 LDA B3R upfbid i s ss X 5 o547

h T BRI UE T VA M T AT 1, 5 P IE R B
RIS R A& 8 000 3, 3k 16 000 FHE M I Z4E;
S BUIE 55 WA R SRR A & 150 3, 3E 300 #H4EHR
PREE . FIAR SR T LDA 3735 BB 98 7 i3t
TSRS, Hrh EEEHRE R 20 4, E-IAN 10 4,
FLIERR 5 AL, SHRAEK 3.

F2 EEHEBER

ES ] A 5 R R
FE1 BHAH] 0.090
BH 0.089
AFA 0.089
BE 0.086
W% 0.086
7 0.085
WA 0.084
ik 0.084
F 0.083
P 0.083
ES ) 3 0.088
H4E 0.081
J=t 0.081
s 0.081
ot Ol 0.081
HiE 0.081
LR AT 0.081
£ 0.081
b Y 0.081
Pk 0.081
5 3.4,-,20 - .
# 3 EF LDA WIIiREBG I ERIRE R
BERE AP EHE Fl1{8
1 0.40 86% 85% 85%
2 0.44 79% 94% 85%
3 0.45 76% 95% 84%
4 0.42 88% 92% 89%
-5 0.44 86% 88% 86%
¥y 0.43 83% 90% 86%

FESER D, FE R IR A PR 2R IR 2k R B
MR LR, To AR A s S SR R A R 2 () BB
BIEREH LR EE, MRARUNSFEARN
Tmptt:, I SRR E B AEBIEN 043 4.

(1) HHARTT %

T BRSO RN R, &
SCHEER T AR R S Y 8 3% S 1 ik 9 O ik HEAT
B, AIEET Naive Bayes IS5y 751516,
BT SVM HMBAE 7N, BT NN HmE e
idpE T EY, T MTM (message topic model)
Rt s T vADL T R S 0 = 25 kv
FEM, ET SVM-NB R s S, Hrb,
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AU 3 R DA B LR8 22 ) 0 B R R BB AL v
Frik, MTM FEERL T —MAERM AR, AXE
RAE R, =PRI I8 2 LAY Ay 5
BlifY), T SVM-NB Jik 5T Fh 3 N4 2K5
KR, ST IRE 4.

®4 BHAEHZHGURER

Jk: A% EHE F11{8
Naive Bayes!**! 66% 90% 76%
svmi 81% 88% 84%
NN 73% 80% 76%
MTM®! 80% 82% 77%
B 79% 81% 79%
SVM-NB®! 85% 87% 82%
AR HE LDA FiE 83% 90% 86%

f13 4 W40, ASCET LDA M3k i 98
T iEAE S I B )3 Bl 2. AH L Naive Bayes 7775
SVM J7ik. ANN J5ik. MTM k. &R %
HRKEHA, B EFAT 17%. 2% 10% 3%-
4%; A IF#2 F Naive Bayes i IF], Ti4H L SVM
J. NN FERS AT 2%, 10%; F1 18
A Naive Bayes 5k SVM Ak, ANN Ak,
MTM 7k, JRER LK SVM-NB 772435
BT 10%. 2%, 10%. 3% 4% 2%.

FEE T YORR = i I, BRI R
SRR T =b R R . X
SVM-NB 3, B T ETAMR U5 253810
GRS H T, RF T BRI T, ey
REE A B R BRI AR RS R . AHEL T IX P
FTI, A SCHEH 9 LDA SL: A6 B AT bR B S A
$HAE, IR H)TE B2 208 . BT LDA Byhidk
R 44 3k 38 7 92k 7 17 3% R 44 1E 76 28 7 T M1 Naiive
Bayes i F), 7ELL R MR- BRI A H A TX
3 FpOrs, HHBAEREEN F1RE. X807
HAEtERe E BT Naive Bayes. SVM. ANN Fik.

(2) XHARFEEEHHS R LR

LR (D P, EHEEBERN 20 4, EF
WH 104, ESERT S ALK, HHAE5H 3 R

BRI e VT 7 . ZEAR SR Pk )
iR 104y, S»REEEFEEHEA 100 15, 20, 254
HWATER, £RIES.

F5 FREBMTHOBKEGR

EEAME HERE ARE E#E  FLA
10 0.32% 80% 80% 80%
15 047% 85% 84% 84%
20 0.40% 86% 85% 85%
25 047% 90% 88% 88%

DHTSER LS R B 4. B 5 PR, TEERAE
BIERIFMT, REHH B IEFHEEE 8
it . HIREE, BEEEE0E M,
X BURSR BR A (V8 SCRI S SE W, TR R AL
FEBRMEREYERST. ETXFNRE,
ATy W] DABR A LA B SR R i I 4 R

92%

—— AE%
90% | _o ERE

88% |
g 86% |
“g 84% |-
’g 82% |-
R g% |

78% |-

76% |

74%

16 15 30 35
EX L
B4 REETEHTHABRAERE

0.50%
0.as% |
0.40%
0.35% |

{g 0.30% |

go.zs% ]
0.20% }

0.15% |
0.10%}
0.05% |
0 1 i 3 1
15 20
-t e
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423 Tl TR ORI T sk i
55047
BUER T E T EMRENEERTY R, H
Word2Vec 7715 B A £ B 5 18 B JLANHE R )
H, KRENIAEFNEFEA.
T2 A EEEET Word2Vee HHE G
REMER, WHE 6 Fir.

A 0.753 134 727 478 2§ 4 0.737 105 131 149
0172 0.744 346 022 606 JE) B 0.723 619 818 687
FFEA 0.742 993 593 216 HE 0.656 879 663 467
HK 0.740 987 539 291 A 0.652 116 060 257
HK 0.736 198 425 293 by A 0.651 973 962 784

PR BEZNEFEAFKRE LDA Hikk
BBUEHE .
TE2
KEER.
AEALR P IEFEEEH 20 4, EFEAH
10 MM 124y, SERT 5 AL,

TR RAEK 7.

FAMAERITR, BEIHEE

FT7 BT Word2Vec st BB IR BR 4 S 75 ARG R

B 0.730 711 936 951
KTidkZ 0.721 120 536 327
ERTFEA 0.719 886 183 739
RBRFE  0.719 811 201 096
B8 0.715863 04903

i 0.624 698 638 916
FR BB 0.624 465227 127
BB 0.622716 546 059
ZFRIEE 0.608 891 963 959
JREE  0.608 388423 92

(a) F “BiF0” BIXREH

(b) 1 “WER” XA

2 0.527 298 688 889

Wt 0.638 935 208 321

FEdE HEX FEHE FIHE R3$FFI{HE
1 0.48 88% 88% 88% 85%
2 0.49 86% 92% 90% 85%
3 0.47 83% 84% 83% 84%
4 0.49 81% 83% 81% 89%
5 0.48 90% 88% 88% 86%
T 048 85% 87% 85% 86%

& _EiE4g 0.521 845 817 566
s 0.487 869 590 521
#iz 0.486 806 541 681

W&HEHE 0.583 482 027 054
H4FHE 0.571 007 490 158
#HEA 0.570 166 230 202

BREY 0.486 096 262 932 Wk 0.566 872 000 694
EHRMLE 0.478 215 456 009 Bk 0.562 694 907 188
BEASE 0476 194 471 121 FH 0.558 761 715 889
Ak 047491389513 Hk: 0.556 449 472 904
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