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Online News Topics Extraction Based on Latent Semantic Analysis
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Abstract; With the rapid development of the Internet and the continuous increasing of massive data,how to identify the current news topic
quickly and effectively is becoming an urgent demand, and online hot news topic detection has become an hot area of research. For online
news stream, the degree of traditional Vector Space Model ( VSM) will grow with the increasing of data,resulting in obvious problem of
data sparsity and synonymy , which makes it difficult to quickly and accurately calculate the similarity of texts. The latent semantic analysis
based on weighted features is used to map the sparse matrix with high—dimension of words and documents to the hidden k—dimension se-
mantic space, making full use of the semantic information between words and documents to improve the semantic similarity between the
same subject documents, overcoming the problems of text sparsity and synonymy in Internet. In addition, traditional clustering algorithm
exists the problem of high time complexity and input dependency for increasing massive news data, which is difficult to get the expected
result quickly and efficiently. A Single—pass online clustering algorithm is used to detect the topic clusters based on succession and corre-
lation in time for news,and the concept of topic heat is introduced to screen the public attention of news topics. Experiment shows that the
method proposed can effectively improve the accuracy of the detection of topics.
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a3t
90 -
40 \
30 m p-YEAf R
5 R I %
o 4 '(, = . - F
)
N\g Q?Q Q,be
« LS
(")\(\
)
%\Q_’\'/

A2 BREAZMRILE
ME AT LLE SO etk 1Y Single —pass 5595 7E
HER R ALEAR F A E RIS b TRETE
AISERL KT K — means BIRAIWIIG K Hi% 2 Bl
EONTRARIZEGNEC 9, IF A AR T8 R R S bk I —
T SCRSAVE A i b1, (HAEAELL PR T Jo vk e wf Tl it
KK, W) 6 T 1 8 6 o AR e 2L A AR

WM, S 5 i B T AR L PR BT A T R A
4.2.2  HEAAN TR A A RE
R SR X6 SCH 7 AR A80HE 8 B8 DK TR T 1 5 i
HULSRECEN“2015 4F 1 7 GUHT 1 TE A 4 #UBCH:
HOCT 2015 4F 1 A RTE ARG PG HEA
(LU RIFR G S ) NS 2%, X4 38 0 ]
W ORI AT SCARTIAL BR S BE T REAE ALY LSA 5
0 D e ) — SCRY R PR S 3] & AT s 9K 5 fid
Y Single—pass B85 HEAT UG BRI, AR 9 L 5 X
RRGIRPEAT IR AR DEA 0 501 Frly JBC i) A 2 e A
PR HT 10 MEEInR 5 %6 i,
A5 news EMAEHT topl0 #FHHA
TR Eg

2062.813  PAJRIEKIK 5 AR GAEER S 90 G 18 £
1681.330  WEAURFRHLTIN 5 Peskh 34 Fistih
1265.359  DHFHESCRIAKIE AR AT E ) FRAL T 400
1215.887  LUGERESFHCED; R E 9 AT A 20 AHiBE
1201.406  FATTITZ Ph il DA v il % ek 42
1089.475 Atk -7 2 /NS0 I PR 28 A B R 21 4%
1019.715  WHET- LTS HIEEBIELE T RT”
923.124 ARG BRI LT BERINEA A S
912.409 RV L KRN L5l 9 SO IE AN — B BRI B T
839.204 (TR RE PR GIECT A A AR AR AR IET

%6 ent AT topl0 &4

TR a3
(FRHT) W R B 2R —
(HIR 20 & ) AL ntE
CEBUBE L 3D) #hk
WAASIARIA S X3 AR RN 2 (i bl T A8 43
(MBS 2) K P SCHiss
CAATLAZESREBRY) VLA HE R il R I8 5 11 S
(R BB TE ) ST 4
Y[R B BRK T op RS BT IR =TS
(—ARR00 3D) PR
AL AR 2T FROIRAEST RS 5248

XoF LGB TR G A 0 3 A i B N R B, S
TR RS A R AR T LA R RERTF “E
R 20 %7 SR, [ H R R O B s HE T
AT R 0 3 S R v < b TR R B S Ak T B
T2 ML AT 45 # A B ) N 5 R T
ORI R, AT DUNE % 5 75 B 06 A 30Uk B0
JF 0 18 H 21 PSR,

961. 850
856.454
760. 168
716.167
709.019
700.248
700. 005
650. 143
612.811
607.768

5 HRIE

I 25 5 5 G 150 P AR 1 305K T 5 5 4 P IR A T
TR 25 55 P A v, AT 20 7 LR B B
X TR B WG % B L, PSS
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B R A - T R T SO T O R AUk BT 12 -7

VSM YRRl E, ) FH T AR AR A9 B o SO A,
AR TAEL IR T AL 5 VSM. 1R T4 B2 (4 AN Wi 1
AT AT I A i 1 [) 44 S 8 I et B 1, AT 5 2
SCAARABLEE T3 8RS BAR A [ 0, ] B, 2 55
HRAE A B 18] 45 o5, 32 1B oot Y Single —pass Bk, S
TERIREE T ATl 412, O 0 28 2845 2 i 37 il 7% i 47
IR DA i 8 Hh e & RO PRSI , SEER 5 R 3R
W2 VR VIS AT

TEAAR A TAE b o 22 453 2o X855 1) 3 (A RR AR
(AA N (IRFTR] | b 55 ) B3 ik SBOR X i P i 40 28 47 40
I3l B AT DG T A H RT3, 53R DA 3k SRR AR
PR B DG 22 b ket A ) SCAR =2 [ Fr) AR BLRE | AR A
TR SEAFAE A 2H 58 BE A A TR R B

SE Ak :
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