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Abstract

When using Naive Bayes theory as a text classification algorithm, it is especially important to
choose an effective feature selection method, due to the hypothesis that occurrence probabilities
of features are independent of each other which is equally important. In this paper, jieba Chinese
segmentation module’s TF-IDF standard is used to select the features for the training news text
and Naive Bayes text classification model is implemented with high performance. Before the test of
classification model, it’s still necessary to use the TF-IDF standard to select the keywords for testing
news texts. The experiment result showed that this method is of high efficiency in classification.
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SUA Gy FPAFE SCAS KL AT A AR L IS SOOI iR, R SRR e, T STAR 73 26110
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FHE[6], FIAMBA A PR 1 Jm eHAE R Ve, SRS IEEEhIA . 4415 TR IR B E R 7] -
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g A FTEE 10~20 MEARVER I HURE I WL 2R, AR B R, LR ESER A A aid
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Hosiz, TR A R R SR AL AR B AT KRN GRAE A, OGRS AR A 2T il 5 oK (9
R R AL A AT RER A — ARG SR — RO FUSOA 7 R 2 AR D L R 1 TIs R E ISR A %L
PE AR RS LA BB REAT A5, 2110 jieba 70 Al 3X AN H BVEF 5% 1 M8 7 KPR AR, ASTHERI %
TR H X RFAEAL AL SR TF-IDF Bkt web S5 I R OSCAEFRGAE,  45 A A ER DU 5ok I 25
web H7 [ SCAT S, Rl AR 202 web 7 I SCA ISR HTAR ] 77 iR SR O A AR R 8 57,
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AR jieba p 1A REHROS SCAREAT 737 A S BUA AR LI SRR 1 J9RAIE, jieba 70 B B A
{10 1] 22 AL 3 A R RD(TF) B SCRY A (IDF), BN (¥ TF B, |DF (B ¥ e A 3 il i oK s A
IZRGETH R, Bt LRAT —BebE, A0 1245 21 00 S8 ] FH N TARHE R E S Bk SO /8. 24
T jieba 731l A5 HR (A SR ECOC S R DU REI S & 20X AR SCASBEAT 73 18] 14 [ N 2 M T 434N /6 TF {8 2% IDF
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3. FhRINMHASC A7 AR E
FATEHR A SRS, SR SCA R T4 S0 R PR, AR DU 47 ST L

MQ¢F£Q%%$Q (1.1)
IR JE LU SR SR AR KA, IR SR R B R OO SR8, IR
c:max{p(ci|di)} (1.2)
ME S p(c|d,), EEARMR p(d]c), HilEIrEmT:
S d, FETFHCAR R ph— A e T A R R AL, B = L,y g,y L SRR I
p(chfe)= p(ws, s, wife ) = [T, p(wilc) (13)
if7 p(c; ) MR MZRFEAR S SN AR SINGAEA SR, THEARX LR
szﬂ%gﬁﬁ 14)

ZT p(d), ERERERINGCRHIMER, Fo#E—FE, B SRR T A %S .
FRUASERHHE p(c]d ) AR BL{E 5
plald) o TTL p(wle Jp(c) (15)
H17(1.5) 1T 1 p<ci|d)°c p(W1|Ci) p(W2|Ci)"' p<Wn|Ci) p(c;), #AT p(Wl|Ci) p(W2|Ci)"' p(Wn|Ci ) R 2
ANNBOELEAR SRR J5 45 R AEH /AN SBOR L R 8, 2THREIRTER. R AN ), A4
FAR(LE) U p (¢ |d) Fef 5 2l — S B ke 1t B3 A B0 o e, S S 00 A 3 g 42 X
1.5 PUABOS L F:

m(p(q|d»C‘é;m(p(WJq)T+m(P(Q)) (1.6)
Ve d oA ANICAS, o RSCARFEA, w RFAE i .

4. 2B
AT B LI T e SEe 4 T .
4.1. SEIRIFEE

SEEGETE Linux FR5E FHEAT, ZmfEil S 08 Python, AN 2.7.3, FH A7 78T A E40 1 Hicdis 122 D %
TG 2% (¥ MySQL 5.5 dfa 2, 1t 73-1s] S SEHURF AL 7] K F Python 2 S5 RT3 H jieba H1 3 73 iRl R,
M2 K55 T WER A numpy B iH 5L SERR TR A IO RLIK £ Z R E S H08: CPU Intel(R) Core 2
Duo 2.00GHz/RAM 2.00 GB.

4.2. SCIBIIR

ASSC TR I SO H 25 F 2 R 4 € RS e AR VTORT 1) 0 RSS JRCRER ok, — 384T DU, 233
FEEHIHE, WIS, REIHE, 2IHE, 3L 4980 R, RESK 1245 F, FEAEESEH Rl
900 F&i, 3t 3600 f RAEAT NS, FHHRIT Y 1380 Fd RABEATI . XHIZRA L 7318 bR jieba 7317
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WL TF-1DF FREFEHURHIE J5 A 2R IE HE 23368 1.
4.3. XABIEMALTE

SCARKAER 8 IR EREE TR, BT PSSR 2 e85 K html 775 3 AR BLI, JX e BRSO
BICAR T L html 545 85 A 5 BR A IR 5 m 7 AR, AR nitk(— AN python 445 (1 B 2815 5
ALFREE) R 2% html 45 ER,  FG U SR P TE U DG E 4 77 V2R SCAS P ) html <7255 B3 R 5 i i A
TREE SCAS IESC

FERENGRICA ] S SRR AER] i, AT IR LR AR R R S ARIE R — AR, TR R
SCE AN AT VS 1A [

FERURAE R BR8], BT AR — B

“sh E G RN AP 6 AR R 2012 5. B 5F 4 A 12 B 3ASEE KRS 4T -3 TR HOKAT,
BRIZREATARGEL, A2RBRRESHTHESE. 4 A 19 B HERGHE N ¥ AL HLAH S
LR T —B A0 AR AAIR, IR T A M S A A A A kAT P B AT AR, B U
NG, HARE FHHF2AF]T 300 Tk, WERANGERRFRAGEERR S EIR, @A KA
FRAAZAZT 1000 TRE Z AR, HEALLB| R AHAKFE, 7

it {8 jieba BB TF-1DF AR OB oK1 4 MR el BLUR 4523
(B2 FHE RN KSR}
AP A2 LS B SCA R 2, RE A TR 2R DL 20 SR80 2 SR HEAT 702K

4.4. EEN)|%k

ALARL ¥ YN 5 ) FEY 4 ) 1 5 D) 5 S AR TS H RSO BB p(dl[ ) o LTSI AR
Py ARRS AN -

for each document € training dataset:

for each class € training dataset:

if aword appear € document:

increase the count for the word

for each class € training dataset:

for each word € document:

divided the count of each word by total count of words to get the prior probability

return the prior probability

WNEREE SNV B DU SESTA T L & BIRIFE T2 2R SCA BT H B R 2 2 R G By 23368 4, R

ZEHHK: [-8.69962585 —9.10509096 —9.79823814 ..., —9.10509096 —9.10509096]

WH£E2s: [-9.79823814 —9.79823814 —9.79823814 ..., —9.79823814 —9.79823814]

RE: [-9.78588575 —9.78588575 —9.78588575 ..., —9.78588575 —9.78588575]

#42%: [-9.79695969 —9.79695969 —8.18752178 ..., —9.79695969 —9.79695969]

T BN ISR AR T HCE AR B AL ER, P DA N B

45. EERLER

SERT A FOCAAT ST, SRS 20 MU RO, TSR L, SRR 5 B
SRR R BER (oo, ) R HH St SO R TR 2O AR IR p(c|d, ), SRUR HLBCA N, MR
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Table 1. Classification test result 1

1l EMAER 1

TR W 22 535 1 UENEESE ] eS|
fe% 98.82% 99.02% 96.13% 97.10%
ER(IES 99.44% 99.11% 98.50% 96.74%
AP ME 99.13% 99.06% 97.30% 96.92%

Ee WEACPIME = B x AR < 2meE + A,

Table 2. Classification test result 2

7 2. EMRALER 2

RIS E I 22 8 e anee sl
A 97.73% 98.26% 95.04% 95.10%
HfER 96.35% 97.51% 87.04% 90.70%
RS SLIEN 97.04% 97.88% 90.86% 92.84%

B RN SCA & TIN5, i bR %

SEEGMA S R an 1 Fos.

MSEEG 25 T LLE H, X R340 K SCARK A TR-IDF AR IO )5, iz FANZR DUk i ot Sok
BEAT A28, ST [ UG AN G 10 70 R, UL ZE 3528 5048 837 ) 1) A 4 3 U AP 35 (i ke i
T 99%. 73K L)y 900 FE/min.

WA 7 RSO AT B PRI, EE R BT 2025, LIRS a0k 2 Fow.

M 2 BARPRRE I LR R, LR E I SR RSO, 29T 11.4%,
AL At SR A= i v 3R ORI, FEP350 90 S BE KR TR, A 89 Fi/min, T FE T4 90%.
5. 458

o E A H AR AT R LR B AR AT B QR SOR SRS IR A 25 F A RIS Al 55075 3 ittt
R A RFAE I TR R BEAT R IE FEIF A5 LR BT i 7 RO, BRI ANVE R AR A 7 i R AT R I 7,
WA RER SRR BAT ISR, AR AT AL 545 R AR R IE FARAERT & — ik, B A
I7 ) 508 5 AN TR £ 7 VA I Fe 7 AR AN A, ARME L AR B I IPAl, A STITR I jieba 73174
B TF-IDF Rk £ bkt id KB SCRBAR IR, B — Bk, g a R E A TR RS thae k)
Wi SO (10 32, AE SR BR 7 SRR R I X 45 20 SR SCA R T2 TR-1DF bR AR U AR M (1 5 i »
SIS SCA AT R A6, R B DR A ] [ B (R P, RIS SOA I SR e R AT R 3R =, A
R FIHT jieba 731 R R4 15 HA SOA 73 SRELE th BE IS B HORCR -
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