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Improved Naive Bayes Text Classification Algorithm for
Film Classification
ZHANG Haogiang®, REN Sihang*, ZENG Fanhui?, LIU Haitao®
(1. College of Mechanical Engineering and Automation,Liaoning University of
Technology,Jinzhou 121001,China;

2. College of Science,Liaoning Technical University,Fuxin 123000,China)
Abstract: The sentiment analysis of film classification belongs to the problem of text
classification. In order to solve the limitation of the Naive Bayes classification algorithm,
according to the syntactic dependency relation, and the emotional features are extracted from the
text and then to quantify it. Using principal component analysis to reduce the correlation of
independent variables, and the optimized Bayes classifier is obtained by training the sample data.
The optimal model is used to predict the remaining data and compare with the Naive Bayes
algorithm. The research results of video evaluation data set shared by Cornell University show that:
Improved Naive Bayesian classification algorithm greatly improves the accuracy.
Key words: Naive Bayes; Principal component analysis; The text analysis; Film classification
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AR Z A AR, A5 2 DUA IO AN 2R DU SO 7 SRSt 5, DLAMOREE s SR K HEf I
JLF Python ~F- 15, 73 il T e AR DI AR S 1S 5 R 2% DL i3 23 B2 RREZR 7K R R st 3L 52 1
VPR SR AT /2 I, LIRS0 S R A

1 VP RIANR ISR 2R HE

1.1 FMR U SCA 9y R BE
B TR MR, B R C RoasHEA N CRIMMER, Fr Rl AR AL
LRI, 5 A DU 22 5

P(CF,) _ P(C)-P(F| C)

e & P(F)
1 1 . (1-D
R (11> JrH T RAREA, BE U, ZREAB Y C 04 AT AR A
s

JBBAT N ASTIRBEA, JUSAE Fy BT (Fi=1), 544k 55 P(C=0] Fy=1) il P(C=1| F;=1)
MBS AT, WZREABOA N O 2% JR#K, A4 126

ST AT, VU024 2 AT Bl
P(C)-P(FF,-F,| C)

P(C|EF,-F,)=
: P(FF,--F,)
_P(C)-P(F| C)-P(F,~--F, | CF)
P(FF,--F,)

_ P(C)-P(| ©)-P(F, | CF)---P(F,| CF,---F,_,)
P(FF, -F,)

(1-2)

TR 5 A 1 UL B, A 3R DU o 2R A — AN B DL e B SR, ) N T
5 IO ST T2 5 e 2%

T RER I AR (1-2) , 27— KR RUAE. SRR 2 1R I, X4t
RO SEA T (8. T WAL T5, ADEE VU307 S0 B % b 25 (09l &ML A g 7 1),
mk—%k, X (1-2) KRRl

P(C) = P(F1/C) = P(F2|C) ... P(Fn|C)

XAMBEBEN N FAFIE 2 ST, RS EAMRASRE 2 B RO AR 245 B
Ty SAMRFIE 2 )2 BB AR 1) AR T 7 AD 25 DI 07 19 O i . 52 e 3R B L TR IR AR M 4F

Hok, AN DU CAR 2 o P(C = O|FL...Fn)MIP(C = 1|F1...Fn), Jf
W e KAR AN S L2320 5 (1 4 B — S — AR L DR, ST DL WS A BEVHERE, AT
Pt EOd R

Jihb, DU SCHE S RS BOr AT AN AT, SR SNIESE Cevidence) ANEESN 0.45
B3 FAT R AR AEF=, P(F)ANAE S 0.1 S s HE SR 1E o H BRI Gl b (R 5 00 2 vl AR AR 1.
DAL b Sz B0 0 BN SN AR B, a4 BT A U S AT +1, BNk P 1 (additive
smoothing, X Y7347 H7 -4 (Laplace smothing). ify 21 S i 8 i — /S kT 0 A af 825
alpha EAT°F1%, mihy Lidstone ~f-1.

B, LT 6 A7k C=1 BISEITFREA T, JEAMRFIE Fi=1 AN7AE, W) P(F,=1|C=1) = 0/6,
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P(F,=0|C=1) = 6/6.
SR IE g )G, P(F1=1|C=1) = (0+1)/(6+2)=1/8, P(F,;=0|C=1) = (6+1)/(6+2)=7/8.
TR BE+2, IXFPRRPRAL BRAEAT 2 AN B R A AIE R 1.
MEFIEAR 22 A, /N /N B2 S ik H RURG: IR I, 0 ) S 0 S L
Ak
log[P(C) %P (F1|C) XP(F,|C) % ** X P(F,|C)] = log[P(C)]+log[P(F4|C)]
+--=+log[P(F,|C)]
VTSI I INVE, ARG S T Ffev kv XU
1.2 £ 53 #7
ASAF BRI 2 MR%E, — A h“net”, —A K pos”, BEANHE FIHIA 54X
A H R 1.
1 KRN

Tab.1 Text sample distribution

negetive positive
sb movie. worth it!
a shit movie. worth my money.
waste of time. a nb movie.
shit. I love this movie!
waste my money. nb!

(1) SCAHFE

MK AT P A U SRS B T AT 2028, S B AR A 2 e B ] B A, IR
DR T B 0% S I U0 U 7 (RS B A9 b T AT L B A, IR S I, LA B T “shit” [,
t—xJE T neg K.

8K, TR A T R A R PR IS h — AN A S B P T A
FEAUEARA B AR, FAS 1A 7E neg R ML Z , B4 KR neg AR5 HER K

IR 7 ) A L ] 0 1 B 23 2 2 TE 7 U bt IRl (o2, <17 2 R 1) ],
X EAN BT, M“Stop Word*™ ({5 i) X3 J& ] LASE 4 2SR e 1) SR 20
PIK ], AT SR A S () BE S A5 2004k, T LA A T 3 th B

FEAEA R R] R IR AT A AR AE AR A AT — AN )L b B ER T (9 movie, 7E 10
AMFEARTHILT 5 K, (AR HMILIERWIAIREZEAZ, WA AKX 5B worth“tHIL T 2
R, AAEIHILAE pos 28, RARTE BA SRR (R, BIX 4 FEAR =

R, FFE5| N TF-IDF (Term Frequency-Inverse Document Frequency, il #UI3Y [ 3C
PR WA s ik — b % e,

TF GABD BTSRRI, SRRSO € FAN SR N B %SRS iR B,
40 SRS T love this movie”, Faim“love” ] TF Jy 1/4. 1 B Fxpifse H <1 Fn7iee, )k 1/2.

IDF G ) SCAFARER) [ SO, RTINS0 ¢, P HIEL T i SCR %k Dt
T AR SCRS D ], sk B 2o

b an 1] “movie“—E LT 5 K, WISCREECh 12, Pk IDF 24 In(5/12).

IREAR, IDF 20 T SRR B 2D, (O 5 A 5 2SR (- 1A 7 L Al “movie”1X
FEIE Y IDF=In(12/5)=0.88, it/ T-“love”f#] IDF=In(12/1)=2.48.
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TF-IDF 32408 — 3% T SR e — R R Pl SRR SCRY B8N FLiH] () TR-IDF,
FIU A B EUA 2 (0 SCAFAE AR AE VI SR 00 Yy 7 ORUE B, K net BEEAK 0, pos ¢
110  E 1l
280 TR-IDF X L 10 DN SCASC A2 o, 320 R RERE, WA 2, Hpag—47405%k
—ANSCARAAE, B SRR HR A SR S R B
R2 NAEREEL
Tab.2 Text sample to quantify

love money movie nb sb shit  time waste worth n/p

sb movie 0 0 0.544 0 0.839 0 0 0 0 0
a shit movie 0 0 0.609 0 0 0.79 0 0 0 0
waste of time 0 0 0 0 0 0 0.764 0.645 0 0
shit 0 0 0 0 0 1 0 0 0 0
waste my money 0 0.707 0 0 0 0 0 0.707 0 0
worth it 0 0 0 0 0 0 0 0 1 1
worth my money 0 0.707 0 0 0 0 0 0 0.707 1
a nb movie 0 0 0.544 0.84 0 0 0 0 0 1
i love this movie 0.84 0 0.544 0 0 0 0 0 0 1
nb 0 0 0 1 0 0 0 0 0 1

115 (2) FPENMHHTHLLER

HHANE D0 3 RGN R 2 (R R BEAT YN ZRAn T, SRR 80%K I R A2 L
- Jr o AR, R A RN R A PR R S 20%3EAT IR, 5 -5 SR REA T X L

NG R 3.
K3 MHEATUNMESEXLEX L
120 Tab.3 Small sample comparison between predictive value and true value
TER{E THIIE
1 0
1 1

125
MRHEZE 3 THH T LA, —BCIRAR 28 DU 70 SR HER % 0 . 0.50.

2 VP RIIANR T SCA - R
FENATBE AN DU 7 B (b s, O 7T oH 5, 3Rl 17— ARH AR BBt :
PRI AR 6 2 [ A LA ST AR S A 3% DU 73 SRR O T SR SRR ETT, DR A AR i 22 TRV
130 ASRPEECAIAR /.
fHoE, AR NIERM] 1
“EI, R PURIR R, BARMR L.
AR PRI AR i 2 TR SR A AR AR R A P, SR AR 28 D37 3 S st B )
SEABBOI T 58 R e B ALK Y — Bl R BRARAR B2 (AR SC PR R S5, RO AT 32 DU
135 SEAEATUCAL, AE o ST A AER R B e R TR AR, AR 32 e o B R )
PR 73 BRARAR B2 TRV AR A, 1 AR 38 DU 307 3 SRR AT 20 R Tl
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2.1 ERR T

S I RO RE AR B AL AL AL & AR AR i, X SR bR 2 R W A A — P I
5 2 AR 2 e R Db, AR o (5 S E — S R LA T A k. S % AR e 1
f AR Z L S 1) S0 ) 2 8 43 T S0 I A B 1 %2 AR b, R b T B 1 B AS AR
B AT T RS e 2 TEAH G I — R A 7 1, SRV A 2 A B AR % R ) R P A
S L o AR B B G WA (9 B AR v, B 4 BT e W s RAT AR RR 24 DB LA S5
LrHRRT, IR A YRR LN S IR BT I 45 S A T B h S ) R
AL

FRIN T R BT

(D) SHE BB IEAThRAEAL

(2) THHAHIE R B

(3) VI SRAEAR R AE [

(&) V3R TR S BTk

(5) s ERA AL

(6) T4 E A et

(1) #F W5,
2.2 TR DU 3 SCAR 4y SRR

SCAFHERM USRS, R 1.2 26 b B0 8ds, B SCARREAR &4k, 75205 R
%2

X 2 [ B2 G RIREAAE 1 0T, 1 SCR R AR R AT PR AL, ARG THEAH G R
B, 9 B S5 A ) S R s,

RS TR 7 A B, AL 99% AEAN A I o LE L3 4.

4 BB L

Tab.4 Proportion of each component

dr
Vi 0.228
V, 0.185
Vs 0.152
V, 0.132
Vs 0.078
Ve 0.075
vV, 0.025
Ve 0.01
Vo 0

T 3 BT i A B B WL .
*5 TR RERE
Tab.5 Principal component matrix
Pc, Pc, Pcs Pc, Pcs Pcg Pc;
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sb movie 029 -0.05 0.02 0.61 -0.59 -0.02 0.1
a shit movie 0.48 -0.57 0.07 -0.13 0 -0.07 -0.26
waste of time -0.3 0 -0.8 -0.02 0 0.49 -0.06
shit 028 -0.68 0.04 -0.51 0 0 0.21
waste my money -0.6 0.01 -0.5 -0.03 0 -0.47 0

worth it -0.6 0.01 0.62 0 0 0.37 -0.02
worth my money -0.7 0.01 0.38 -0.01 0 -0.24 -0.04
a nb movie 0.49 0.58 0.06 -0.1 0 -0.06 -0.23

i love this movie 029 -0.05 0.02 0.61 0.59 -0.02 0.1
nb 0.31 0.73 0.04 -0.41 0 0 0.19

BT ORA AN 2R VU7 73 2R EEVE0) T B0 3 M Z G REAA ST, (RIS 80% Ml
165  ZRAEAS, SRINZRAN R DU 7 20008, SR 5 FHUNZRIF OB A3 (1) 20% K A AT 23 25 7
W, 73 HIRERERE WK 6. 03K 6 nTLAE H, #EFI%E R 100%.
6 /A TR TRV R
Tab.6 Small sample prediction confusion matrix

B
1
- 0
H3fH 1
3 HIEXTH
170 FXT LB, FORREARIEATINGR, B F B A BE 4 2R K24 0 iy 36 52 58 PP 4 % 2

255 AP positive T negetive 5, BF—JELFE 700 N 3fF, BRI HER 20 AN SCPF,
FEAN SO R YT 600 AN il [FIFE, R ) 80% 1A IIZRFEA, il Zikh 3 DU Ji 43 2845
B, SR PRI AR IR 200K IEAT TN, LAASHASE 2R Ry vt 2.
() tMERHESEFE
175 HOEA TR-IDF SRRt A 7 01, JESCARE B A o] IECv JE R e, 1581 5 371
MR, ARG AT AR Z i AN E DL Sy 23 R AT 20 ST, HOARHT 80%IFEAS
VEINGRREAS, SRINGRAh 28 VI o0 2288, AR U ZRATF ) 70 KA X IR ) 20% I FEAS 1t
AT, B E S EIAEIATRE, St AR, HHERF . 0.625.
BT ORFEARTIIG S FLIAE X LE
180 Tab.7 Large sample comparison between predictive value and true value
e Bl
1 1

O O O O O O
[ = el = R S o N

(2) HFNE MM T2 X E%

PR ORAT TF-IDF AEHAE A PR B EAT 20 b, LEHR 34 ASERy, ok
EEoh 97%, AR5 P A 3% DU S 0 R0 FEREA T 20 ST, ) B 1Y) 80%FRIAE A Ay VI ikt
A, RUNZRAN R D o3 88, ARJA TN ZRAT IR 70 KA AR 1 200 FOFEASREAT T, de

-6-
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Ji 5 B SE AT T
TRVEHBE W3 8.
* 8 KHAKIRBEEE
Tab.8 Large sample prediction confusion matrix

THME
0 1
- 0 3 1
KM 1 0 4

H13& 8 BT LLE Y, 2 WA 2 e ot oAb 3% DU 7 SR AR v f
e 0.875, HEARMUALHT AN UM 73 B A S v

4 G

FERR I AR ORI AR, Bl M ETESE N, A SR BLERARH N Z, PTEd
AU ML 27 > SR AL BRSSO 32 a0 70 oAb 28 U o SRR AT Ot 45
B AR DU o 2R, 28 KR RS PR FE A AT IO U, SO BEAY IR 73 2R R 2 K
S v A AR A B AT LB a2 2] (KA RS it e vr )y ).
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