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Topic Analysis Based on LDA Model

SHI Jing! FAN Meng? LI Wan-Long?!: 3

Abstract Topic spotting of segments is performed based on
text segmentation and the main topic of the whole text is then
generalized. Topics are represented by means of word clusters.
LDA (Latent dirichlet allocation) is used to model corpora and
text. Clarity is taken as a metric for similarity of blocks and
segmentation points are identified by local minimum. The topic
words of segments are extracted according to Shannon informa-
tion. Words which are not distinctly in the analyzed text can be
included to express the topics with the help of word clustering
of background and topic words association. The signification
behind the words are attempted to be digged out. Experiments
tell that the result of analyzing is far better than those of other
methods. Valuable pre-processing is provided for text reasoning.
Key words Topic analysis, latent dirichlet allocation (LDA)
model, text segmentation, Gibbs sampling
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AR ORAE, By Sod Rt S i e AN A ) v B
HHAN TR PR BB = A A AR B B 5, TR 23 RIS AR
SEARSCR A B, IR R 22 ) IR AR, ER AR RER
. PLSA (Probabilistic latent semantic analysis)® & %) —
FIREABEZY R o ) SCRS A A S5 R SORAE O, DRtk
Ab BB ORI ) B AR 5. RIS Al S E0 B B A SR B
36 2 S 3G, WEEL S Tl Sl 6. 5 PLSA BEAUH
tt, LDA (Latent dirichlet allocation)[G] WA LRt
AR, TSR R S ACELN k4 S B EAE
U=, M 9E S5 I GREEE BRI AS S, HERE R
] Laplace T 1l, 28403, MCMC (Markov chain Monte
Carlo)[™ DL K ¥ — % (Expectation-propagation)® 25
ERBAHE SHUE, DR T R .

AICHT LDA BB TR M SCAR B, FIH MCMC
) Gibbs SAFHEATHERL, [RIEVH A S, SREUTI Y
MR AT, ARG 1) AR Clarity B GE TR MR 0
) SRAF AR, BLJR i d /IME R 77 A BUd 7 2)
R R B (R R R E T 5 3B B/t
IR R R TR SR 2R AR IR AR, 3) MIRAR S 1) v B
F A PP I A SO0 UL BT A R TR ]
VSRR A2 U P AR B AR, AT DR B 4y 17 AR S L)
HERR AR, 5200 45 IR B DK 7 vE 40 T SUAR IR 2 Uik &, Hi 45
REEARFFE N E AW, B SO0 HAAR Y K 772,

ARSI A ZHTR, 25 1 15043 LDA B 28 2 5 AN
B3 WAEEET LDA SR M vk, g 2 gy
HASCAR S IR SR 58 3 T PRR TR SCA 7 B ) Bt b ST -
BRI 1) T340 LA B n A 30 3ok 19 R SR m SR B R v A L B
4 T T B SR 5 AL, I S 25 AT IE. B 5
FIRTEE S AT AH RIS A AR, e R A A

1 LDA &35!

T PR AL 256 2 RS 2R — e T [ (1 S AR — SO T
E I BEHURS. AS R R 2 D 1A R 1 g T,
DAAN [ 1 77 SRS T 24
1.1 #ENE

— AN SR FF R A T A, T SCACH R E
PRELH T I8 s SRR ARG FARTE S A B R, A
TR ) T A A R TR R 2 AT, SO R iX e
BRIBEHLIE 2. A T A, W4 SeA T 8 0 AN
I wi TR RR:

T
P(w;) = P(wi|z; = j)P(z: = ) 1)
j=1

o) 2 RIEEAD T, RFE ¢ MALIET w A ZE,
P(w1|27, = j) Z%lﬂ/[ W; LB%E?:‘:@] Hgﬂ%i; P(Zz = j)
Gy R G R TSR . B T AR D A
ARBL W AME LR, RIS OIE, 4 o™ = P(z =
) FoRA TR 5, WOANRNE A, L w W
AME—PERIER I 4 00, = P(z = j) RT3
A d, T AFE R Z I, FHRIA d PHIE w %R
Jy:

T
P(wld) =Y ¢G4 (2)
j=1

LDA #i#106) 7 (D F4E Dirichlet(a) 1565 M2

B, (AR 5 T A FR U ZRTE B2 AT SOA. R T TR
RISHURHERT, AR T 16 D _EAERFRI Dirichlet(o) 1
SEIRMEHRAL RS, 78 ¢ EIRMERFRIN Dirichlet(x) K265
ML r

wi)zi, $7) ~ Discrete(¢*?),
2[4 ~ Discrete(y!@),

IXHLER x W LUBEAR D, A UL ST R AR AT ] 1AV 2 R,
MR SR A R B, T o RTRAREAR N, £ WLE
FEATSCRISC 7 205, Al RE IR, A x A o (A
YA 2 55 ) 1) 32 80 R A R P PR R, {ELAN ) 10 32 A )
HIEIT7 SOUT-BeA 2 Ak, ANTR] a1 IR M H 75 U R A
ffl, DALt m] DU & X FR 1K) Dirichlet 23, REFTA ) x BT
fE, I AR o BORTR] 1.

1.2 Gibbs it

H T SRR R o A, KO R ¢ Flo 1ENS
BOE B, e AR T E SRR P(w|z) ,
P Gibbs HlifEE BRS¢ Fl o (K. MCMC 2 —FEM
52 2% (K0 AE 3 43 A1 e BURE A (8 (19 3T AR 7 1%, Gibbs fliFE
£ MCMC [H)—Fpfai sl g =X, 3 B 2 g sl -3¢
H AR A1 1) Markov 5%, I W EEH i ECRE A 9 3230 120k
RO FEA. T2 B AR R 2 A7 o8 S0 00 25 A8 Bk 1f
F Gibbs HAERISE. 4T AR LDA B AU 34T
TR, At R 2 HHATHRE. R BN
P(zi = jla—i,wi), WHAXUWT:

¢*) ~ Dirichlet(x)
%) ~ Dirichlet(c)

(wy) +x

(ds)
—14,] n T

n —i,J

ng] +Wx n(j[) +Ta
(wi)
I nl X

P(Zz = jlth’wl) = (3)

n(_dj)] +a

£ () L)
i=tnl,+Wx nll +Ta

M, 2 = j RAHAIILS wi AECA T G, X wi B
PRI IC 5 2 B FOA SRR I w, 1M L5 %3 7 11
SCARLEIR, 2 AT 21k # ) HoHE. 0 &5
MLst 08 5 5 wi MRBRICANSG 0 RS T8 5 [
FHARIEASG 09 SR d; oIy R 5 HAIEANEG
n') e d; RO T B RICANG BT R A
BRI 20 = § KI5

Gibbs fFEEVEPEA DT (FLARBLS A TE IR [10)):

1) 2 BRI 1B T 2 RIEA SRR « M 1 15
IRF N, N JEHRHE R T LT SCA R A S A
A Markov HEMIPTUEIRAS.

2) i N1 IEFRE] N, AR (3) i Ah i E R, BRI
Markov £ T —AMIRE.

3) BAE 2) B AL UKL, I\ Markov #E4L H
BROMIE, B 25 (0 L AEERE] N) (092470 (845 by BE A 5%
Tk S TARIE ARIDCRUD, SRS 2 O, LA R
. EFAIACT, Lhw R, 6T
A, AR AL ¢ Ay (01H:

~E=) Al ey ~@
w = @) )
n;’ + Wx

ng-d) + «

wz:j = n_(d> T Ta (4)

o, nl®) FORINE w WML R G I n) RoR
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BOgh 3280 5 BT A iR L né-‘” FRIE d TG TR G 1
% (D FIORICAR d BT T 2 R R

Gibbs fliFEEE MHIURE T 4RI AT, BRI b J5IA
FEAREE BARBREE S0, AR5 BERR— 8 B ¢ A, b
FRoA Burn-in [A#H, ¢ A4 Thinning (M. b 1 ¢ MHUELL
BT e, — MRS REE TEREA DG, AT iE Markov
BERIAR SRS TSGR, b, ¢ DUB/INIE RT3 2 75 22, (R4
SRR I R R AR, B 203 K b, ¢ HIIUE, 77T B
I EARE.
2 XAHE
2.1 SHEIRREE

43 BN SCA 2T LR S B A7 A B PR SO, i SR
TR AR ENSOAR, HA A TE R J5 FOR I 25, )R
IR BRI, B D, A SRS BRI 1 e
1051817 Gibbs A EVE, HIERB DR E. b B
FEARPCR I BOE FI3EA] s, KBS BT

H 1. X F R SCAR KA IR 51247 Gibbs HiFEST
1%, BRI,

SIg 2. D) s 1R (3) ST d, 1805 FRE 5 E15C
AP RIL S, 847 Gibbs fAERLL, D HULIK;

TR 3. H (4) 7P ¢ Ao 1IE;

S 4. BIEAR P(wls) = X7, o5 -2, Kufs

FB 5. ST P(w|s), FIA] Clarity J& 5 vh554) a1 A
LU Sim;

LI 6. SiA Rl IME R S T, il A A AH
RUE Sim W5 Bt S
2.2 Clarity E8

Simcir = —KL(P(wl|s1)||P(w|s2)) + KL(P(w|s1)||GC)—
KL(P(w|s2)||P(w]s1)) + KL(P(w|s2)||GC)

(5)
Hir GO RFWIC w EMLTERE I, B f(w),
KL(-||-) #R A AHXS 4
B P(uls)
KL(P(w|s1)|[P(w|sz2)) = w%;/ P(wls1) log, Plwlsa) (6)
2.3 EEbm/IME®E
TRBERE T B SCAA n ASHEA), WARAR A 18] 1 AH U(E 3
A SimTable = {Sima, Sima,--- ,Simi, -+, Simn_1}, H
 Sims = Sim(ss, sip1), 1 <@ <n— 1. ERPEFR TR
AME Simumin (81, s2); NE—NJRFRAMEHE R I ZE S A5
13- R 2 B IR KA Simimaa BAK Simiumase, FIFHA I
Si max S max r NS s
! oMt IR 4
1Mmin (81, $2)
K, FARIIRE drei(s1, 82) > 1, W s1, s2 & TAA
M B
3 ERIRE
3.1 IAICEE

AU IT 75 SCAS TR A B S0 S B ], B IR A
DR SR BEE 5 B 5 5% A S R AR AR, 6 AR B TR R

drei(s1,52) =

M3 e, A SR H 3 & 1 SR AR ER RAL. ASC B
1998 4F A B HARF T AR A TER 1 52, LU i) L
AN EE PR, BB R n ARG A5
KW TRE—NEE w, 3% X EZ RS TR s (1
8SC {H, H#% MDL (Minimum description length) Ji il
SSC MK, B w 5 s IIAHGTERUR.

+ +
550:1{(&)_%1{(’”5)_
m m ms

ot (22 - o (M) (@)

m M—s

Ht H(z)=—2Inz—(1—-2)In(1-2),0<2<1,H2=0
oz =1/ H(z) =0, m" ZRHN w FSIREG ma £R
HIL s BISCREG md Fom w, s FEBLSCAREG mos RARA
HIL s HISCAREG m, FoR I w HAHIL s MSCR%EG m
FOR B SCAK.

AR ST 6 T 2 e A1) b H A 1 7R AN T
SCAR AL, I RE T 1 AR A SR L IR 59,
LLrel(w, s) = freq(w,s)/k WH, freq(w,s) XA s H
I SCA T, w ISR, kA v Rk SO I S 351 4L
rel(w,s) HEARIME AT w 5 s IWAHXRE. 5
8SC BHEZ WD, 551 1 AH ¢ ) il B ROBRHE T3 Y, B
PRI ) 5 T T I R A O BN B BB DA SOA
SRS R k7 h $AS: NS i bl ) 0 1 4 S NTTR 2
ST A NI, SIS W 5 0 S L Sl ) MDL 15
TRRENG ST YA AR B, A T ] R T AR
32 REERRER
3.2.1 #EETTE

SUARPE A EIAE TR Bt b, b S, BB (1 <
k < h) fERFISCA A BIE R, RIRTE A B Fig
1T Gibbs HiTRESEE, 48 A Pwlte) = ST, ¢ - p(te)
KAFH Btk (1 < k < h) WRNEHERR 0. R 250 10
S SGATE w 187 B 4, PRI ARAS B

I(w) = =N (w) In P(w|tw),

Hrf, N(w) 2w ER Bt PRI F RS BB,
BB AR B A (R K, TR IR AAE BB KM 1
AN R R J ) AR A B 38 1K (8) HiAlIC
N6 43 A A 20 & TR 2% ST AN, T HL R gl 2 R Bt
HIAE S, JIT DA B T4 vy o a] ST A v A 6.
322 FREiFEEE

) A9 R 2 TT DA 2 8] = AR TAR, AT v 4y
BT EIHER . ARV FEGRI SRR TR IR B -in) & =
AR, W IH— . S Bt 3 AN TR S ILIPAR.

H—: APANREDTNN (51 wi,we, -+ ,wa), (81w,
Why e Wiy ), T s, 8" RPN, w (1 < i < n), wi (1 <
j < m) EWAERPAERFIE, 35 s = w, 5 = w;,
(1<i<n, 1<j<m)B&EDs & 2—JEs0E, WHEE
AT RN s — 8, s, 8" BEFRA A TTER, AbEE S I A A
TE A — 32/ 8A 2. BIPRS00 (kR BUl, &
W, v, (RIS, B0, 0E) R (FO: 24, BUE, R, N
2BE, I, HeE), IR 2R S JE AR, A R
Y« — .

G B FEE EEH A ITTER, WK X A 3
GIFA—AFEE. XN TESERNA-s—-B, A —s— B,

1<k<h (8)
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GIF-#HNA-s—B-A -B L A B, A, B Wi
ZA T A JT R R, %ISR Dy 3 — S R 2R 1 T A
W, HRERA RN EEIAGE, PSR 38R KRR
B of AR R B A A Y IR T — &fh — a7 A
“HE — 5 — fafl, WG HR “fim — SR — R
— W - s

B 355 B0 R B s — 8, 17 R A ] SR
H s s, BB WA s — &, PEIA L FE B 24 I 3 R R
PR BT A 3 R 2 1 DU e, st S R 2R e At 3 R £R
FEAAR | TR 4 3 ] 3. 4 dn i A ] S 2R A
FRBR R P <l — U, WL < — BUm B
“REHY

o S5 MR 5 e 32 70 1] = v A2 100 3R], T ST I R
2, 1% R R HI A 200 1 SRV SRS ICAL S 1) 32 A 2%
3.3 HuLERIREL

AR AR 1R B A i) v 54 SCIR et 2 R Bk
ARG n AFE, Hb s fEAARFE B E-UA T E I m
W, W P(s) =m/n, W P(s) > p BB ICEAE R0 E
A, e AT 1 IR

4 SRENRITRERII

AT S LA 1997 4EFT 1998 4E A I HIRF ThriEFH
VBRI DA R SCA 53 R 1B RHE A 15 50 SO T 4 (35 12980
ANSCAR), FELAAI G B (Z2 R IC P R TR R A S
SRR, PR A AN T 10 13, Fel4r 9768
AN A e BRI iR . BRANI AL, Sl S I S A
TSV E 7340 BT 2 88 ICTCLAS. T IX S sz vf 1] £ 1)
PR N BRI BR AL .

0 T RAIA Gibbs HFESR I, Sl 290 ah e AL
H T 15 fEE, L& Burn-in [AEE (b) F Thinning [A]FE (c)
Y HRAR. 0T 32 R 45 R B R, 422 SCAR 43 ) B 0 AR P A
J T3 T FRAREAT
4.1 WiCRE

A3 B e (9 B — AN RV AE A s, 4 Pwls) >
P(w) I, BL7 A 6SC > ~,v = 0.005 HIIAIL (# 6SC {HM
KEVNANGT) A3 A rel(w, s) > ', v’ = 0.00025 [3IC
(% rel(w, s) HMKBNOIT), #HR—A K. &7
W (R ELHER ) K, TR R KR, A 6502 MR
FH L.

42 EHPEMHE

B 508 [RIRE: () 8 ) 2 R R FE Rl gL (W = 9768, D =
12980, N = 1032365, W NV $H, D A XAKH, N
AR S EH , R AR (3) X 2 B IIR
), AIRBEOTTEZE o, x UATEEH T. A58 H 1
6T T iR 2284 A 5T Gibbs HIFESILIG M, 4 oA &
a, x W, REHR T EPEIENME. XLpr b — AR
PRI, A SR UL R GET T T AR S 1T LU Y. 4
a = 50/t, x = 0.01 (WAL, 2 IRSEK RV, XMIE
FEARSZIG I TERE FAT BRI, T WA R FME 5308 4T
Gibbs #liFE R, # In P(w|T) {HIZAEK.

A SCHB BRI AT, o, x 2T Mo L
(1) Dirichlet 2656 MEZeB 15, L [ AR FLH0 0 R U0 B 8 i )
¥ Moo B A LLRIREE SR P(w,2) BIME. Plw,z) =
P(w|2)P(z), 3£ H ¢ il 2l Bl th 155 1 TRIEE 2 I,

Xt FUASREE 1 WUEW T

(T TLT0 + %)
P(wlz) = (F(X)W> II D+ W

o, D() AEARER Gamma B3, n(™) FRHRIE w S
253 G AL, n§') Loy ELes F8 5 MPTE . KA
P(w|T) ALEEARR—FR S P(w|z) FRFFE, Frblie T
ORELAA:

=1

1 1 X 1
PlwlT) Mm; P (w]?) (10)

SEIGEE R 1 iR,
0 100 200 300 400 500 600 700 800

—-1800 000}

—-1900 000 |

In P(w|T)

-2000 000}

-2100000

Number of topics 7'

1 InPw|T) 5EBEHKKR
Fig.1 The log-likelihood of the data for different settings of

the number of topics T

HIE 1 ATRVEH, J38EH T 24 300 I, InP(w|T) )
B 5/, B S FFAR SURBEOR, U6 =84 H 4 300 B, FEALN
BRSO A S B S e, BRI, JE SRS 1
R H ECA 300.

4.3 Burn-in & Thinning [8) FEB%&F

H T RFE U 2 Burn-in (b) {EF! Thinning (¢) i, A5k
IR T = 300, LA 4 MAFRMHILGEZAT Gibbs 3%, 45 b, c
HIEUE &3S, WHhFESE R (In P(w|2) MME) BEWILRE AR 4
TR/, AT LAUESST TR E. Sciegh B 2 i,

0 100 200 300 400 500 600 700
-1900000 T T T T T T T

Ln P(w|z)

-2900000

Iterations

K2 EREERE In P(w|T) BT
Fig.2 The log-likelihood stabilizes after a few hundred

iterations
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ME 2 o BLE Y, In P(w|z) WIEEEACEH X G
5, B S5 B Burn-in (8] 24 350, Thinning 7] 2k
50.
4.4 XA EIRMIR
4.4.1 MikE

ASLIGRIA 1997 4 3 A AR HIRTF LA ERHE
M 4 ANWAREE Ts-11, Ts-s, To—s, To-11, To—y BARITE
ER BT = My 28], BN ARG T b S
A, BRIV E AN () SR SCAS R B R T 20 b ) SOAS, BESRAHAR
Bk Sk BARINZE. & M EBECFY N 7, Bk
1 iR,

1 SER I

Table 1  Test sets used in the experiments
T5-11 T5_5 Te—s To—11
B3 3-11 3-5 6-8 9-11
TS AL 109 127 115 98
442 EEtRE

LA B IR T PO AT R, (HANEE B
WindowDiffl') gy RF2E. S 78 T[] 26 523 ) 5 R ) S
Kk, AR Py F1 WindowDiff B RIFRHE S 1) .

P, = P(seg)P(miss) + (1 — P(seq))P(falsealarm) (11)
P(seg) EfRERE A k BIPIA ) 153 J& AR 3208 R B
IR, T 1 — P(seg) SL2FREEEN k WA TE T
(Al — 8 BB, A S ks A S8 6 B R IS, B
P(seg) = 0.5, P(miss) f&5Em 8145 Kb —A 7 B g
K, P(falsealarm) s&HE5 B4 R0 IM—A 7 BLAER.
WindowDiff (ref, hyp) =

N—k
S 3 (blresirefien) = bllyps, hypisa)| > 0) (12)

N

b(i,j) RAWMER] s; FIER] s; ML SRER, N R CARH
(R AR, b MU SE BRI 2, ref ARERESES)N
F, hyp REREIETH.
4.4.3 KIEHER

Gibbs #IFEFBH H T = 300, S o = 50/T,
x = 0.01, I 10 MA[E FVIGRE I8 47 53%, AP ME
AR 350 WK, SRS AR 50 KIL—IRAEAR, SLI 10 KHE
A N UIZRAERE B IR SCAR I iR A, 488540 10 IR,
FHIATHS 2 R AR A IR 45 R 100 AN FEA K F 8
fH, A 1 SE G 45 SR IRUIT A SCACINR &5 2R K1 M. A
i ARSI SR H, B PLSAP), LSA (Latent semantic
analysis)!¥), MDA (Multiple discriminant analysis)® =
PEVEAE T5-11, Ts—s, To—s, To—11 LHHATMNK, &5 Rink
2. AW, ARSCEER T 4 AWK G RAF MR, 1 H
S5 A IR 5 A LA AR E , AN IRIRE AR (8] () 22 5 B/ 4 3
Bk [16], 55T PLSA BRI 3%, F45 R REHLIER K, bl
IEACIRES 8 A ARG T e . R RISt P
WindowDiff I EKIE T Py (19— 28EEENS oty 4
[ R B, P AT HE A — B0 FFE IS RE RN
BON G FRORI T2, T2 T8O v BN s T8/ 111 73 5L
HRBIEATE. RIS 11.94 1 Py, {8, P3N WindowDiff

HZE MR, WIESW] TIX— R, T WindowDiff X 44
BRI P, SEOURS AN, B DLIE T R RE 6 23 5005 32 S sk
&, WrE A TR

%2 5 PLSA, LSA VIRZHEMBIRXS H g R
Table 2  Segmentation results compared to PLSA, LSA, and

dynamic programming

T3_11 (%)

AEE 755 (16.12) 12.29 (27.03
PLSA 16.79 (43.64) 13.81 (36.34
LSA 13.12 (32.61) 15.21 (30.84

MDA 11.61 (18.45) 11.38 (27.22

T35 (%) Ts—s (%) To—11 (%)

5.72 (18.18) 10.67 (24.32)
13.26 (37.50) 11.94 (45.90)
10.02 (19.76) 12.17 (59.44)

11.94 (26.00) 11.00 (31.98)

)
)
)
)

4.5 FERREATNIR
4.5.1  MhtiER

AR FH (02 SO B L, JLAHRIRES . &3F. &
KR BEARE N B2 BUR. . 5 10 KK
ey VLG S B N S I NN PR E b v B W N A S T
4 ICTCLAS (Institute of computing technology, Chinese
lexical analysis system) XfJiEATACBE, SR 5 4% B9 5 A
KU H PR (B2 5 ), WK 3 Pk

%3 REIhRNR

Table 3  Categories and their identification words
B Frifial B Frifiil
L BT, sh. e R e HE. WA R ¥
Ut gUR. B MBG B, TS e [

A M LM B B ER rE. B . . R
WEL MU RS BOE Y Y Wis GO 2L

R AUl AR BOED oA BOA. 2. Ui, BEAE . RO
4.5.2 EsiRE

AT INHE S SOA PRI 2 R 0, 5 i 2R IR A R, B
$RINGS R IEA. HERIA (Precision) & X T:

Tlcorrect

precision = (13)

Ntotal
HH, ncorrect $8 IEHFEI I T B SCASL, neotar TR
ENIFEY e
453 REIHER
DL A B BT MR, FFANREORS) 100 A3 8 7 B,
HIMERAE Ak 4 fros.
x4 WA TR E R BEH

Table 4  Test sets and their topics

JOH WL g% T BHE KE Bus R HEN B BEH

JrB% 101 113 102 100 105 105 97 95 114 106

A TR-IDFMT )¢ 2-SCORENM J7 ki 4T %)
lt. TF-IDF K874

tfuw(s) x In (%)

\/; (1) e (20)

weighty(s) = (14)
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o, o, (s) FRaialil w ENER A B s RIS, N K
HRIBRHI AR BEH, ne 2 RIBEREE v WHE
¥ H. Z-SCORE KI57573:H

N
A 1fz‘(w)
tfw(s) — =
weighty (s) = ) N 5 (15)
g fi(w) )
l:i fz(w) _ i:lN X flj(\;u)

o, fi(w) JEE w B SRR o A BRI H DU
YR 3 R (B 5 ORI, SEG A5 R i 5 R
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Table 5  Subtopic identification results when the number of
topic words is 5

S K37 (%) TF-IDF (%) Z-SCORE (%)
78 81.29 47.17 9.44

2% 90.47 41.11 29.68

g 72.09 50.52 10.17
B 75.46 56.37 24.33

sl 100.00 79.69 33.12

HH 100.00 80.00 21.98

®E 98.45 54.69 76.65

R 96.00 54.72 6.64

<2 93.27 61.67 44.83

BUA 92.99 62.13 30.10
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Table 6  Subtopic identification results when the number of
topic words is 7

S AT (%) TF-IDF (%) Z-SCORE (%)
g 88.33 64.81 31.48
2 95.54 50.00 34.62

T 86.65 63.54 29.17
TR 84.38 68.00 47.91

] 100.00 96.92 81.54
HEH 100.00 88.24 56.86
WE 98.99 72.31 89.23

SR 99.86 70.37 16.67
%] 95.42 78.69 55.74
BA 97.23 76.36 49.09
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Number of topic words

K3 AXJiES TF-IDF LK Z-SCORE 45 R xftk
Fig.3 Results of the method of this paper compared with
those of TF-IDF and Z-SCORE
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B R TG 2Ok R R, BER o HOERE R, TERT R AN B
FEAR, P B A RSy 7 i, oot 32 BUR SR EL A Rk 7
Fir (o TR HOR IR, (AT 7).
T BT BT R AR ot S BRI R AR

Table 7 p and the precision of extraction of central topic

o 0.5 0.6 0.7 0.8

Heffi % (%) 98.78 97.25 88.41 74.54

5 HXMRITLE

ARSCERGTE A 328 M R B RN 5 3k, o 32 o1 5 32
RS RLE LDA HEAL T S8, 5 AR SO ST I D6 (1) T AE
#& STM (Statistical topic model) 4 MDA R & H Py %t
T EIE A A, BT DA AT X LA AT

STM & —MA RIBAEAL, J5) bk, X R R e —
A SCRAUAN I —A R, A TCVEHE R R T k) e B SRy
AT AR A B, RN, T8 U AR A ]V A
BAEAFRAR K, SBURTCORE . o LG DL R SI0H B i
P S ) . AR SCAE S TR SEI R IR, T R 3 4y 8
R R, FEARAE 50 % AcA, U BRI A HEA R AR T
TF-IDF J5i%. syMrJa,) Br T LORBEY 8 B A7 7E (1) 1] 4,
I TR S Al S TR — SR A S (B A
AIRIERY), T HEEREE & AR, R — AN N PR
B TA R, bk ih 5 2 50d.

MDA J7¥m X T 4 B4 JsvEA sk, = 4R35 2 25 1) 1
TG PN I e /IS AR 43 S R ) B e KA A AR I B a0 L
3, SEBU SCA S BB 0 A R VA, AR AU T T 0,
Tt VB, i S B Bl S e AN AR A AS STRY ) P 3
R, T SEIE AP, 3R 2 BSR4 R R ULRH, SR
MDA 75, LB % (P) WAL 11% At). T
AL 2 WA T B R EE I I 2, BRI 2B R AR B A
55 DUAR SRS 5 VI S5 v A 45 4 S ABL I agle 2 52 0 58 4 1) 0 23%
R (P, =5.72%).
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