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effectiveness of the data analysis. In this paper, we analyze the underlying topics in

data based on the LDA (Latent Dirichlet Allocation) model; we further implement data

extraction in specific domains by adopting featured word sequences and knowledge graphs
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knowledge graph

0 Ú ó

Cc5, �X�¬xN3&EDÂ¥u�FÃ­���^, �¬xNêâ�Ä��©Û

�É�IS	Æö�pÝ'5[1]. l°þ!É���¬xNêâ¥¼�A½ÌK�êâ, ¿

�â+�ØÓ?1ÌK©Û!SNçÀÚLÈ,´�¬xNêâÄ��­�ïÄSN, �´

ûü|±!K�ýÿ!�£¥�ïÚz�©Û�ó��­�Ä:[2].

�DÚ(�zêâØÓ, �¬xNêâõ��(�z½�(�z, äk5��!á©

�!õÌK!êâDÕÚ�¿5r�A:,�êâÄ��©Û�5
]Ô. äN�): ��

¬xNêâ�(�!õÌK�A:, I��«*Ð5r!|±õÌK��{?1ÌKA�

Ä�; � A½+��êâÏ~c
)�!;�5r, J±¯�rº, I�A½+��k��

£��Ä:, |^+��£´Lá©�&Eþ, ±Jp�éA½+�êâÄ�(J�O(5.

lé�¬xNêâ?nÚ©Û|^��B55w,  I�éêâ��SNUìÌK

£OÚ©a. 8cÌK©a�{k|±�þÅ(Support Vector Machine, SVM)[3]!<ó ²

�ä(Artificial Neural Network, ANN)[4]Ú�ÅÜ�(Random Forests Algorithm, RFA)[5]�.

,
, du SVM "�é��5¯K�Ï^5, ANN ÆSL§�E,, RFA 3DÑ���¬

�)L[Ü(J, Ïd, 3�¬xNêâ�Ä�¯Kþäk�½�Û�5.

3ïÄ©�8�Û¹ÌK¯K�, Blei �[6]JÑ
 LDA(Latent Dirichlet Allocation)�

.. LDA´�«²;��d�g�., ÙÄ�g�´òz�©�L«�ÌK�õ�©Ù, z

�ÌKL«�c®�õ�©Ù, ?
��©�d3�ÌK(�. LDA �.�2�^u&EÄ

�!©�©Û!���äÚg,�ó?n�+�. Jaradat �[7]ò LDA A^u Twitterêâ

ÌK©Û; ©z [8] JÑ
�ëê��d�. MB-HDP, k�/¢yÌK©Û;©z [9] K¦

^ LDA é°þ�>KµØêâ?1
½5Ú£ã5�ÌKJ�; ©z [10] 3 LDA �Ä:

þ�â�a�g*Ð
3��., ¢y�O(��ÆÌKÚ�a&E�÷�©Û; ©z [11]

ïÄ°þ�>ûµØêâ, ¢y
Äu�Â�å LDA �û¬A�Ú�acJ�. �´, �é

A½+���¬xNêâÄ�, þãÄu LDA �ÌK©ÛÚ&E�÷�{Ek�?�Ú*

Ð. Ïd, �é]Ô(1), �©Äu LDA �.�÷�¬xNêâ¥�Û¹ÌK,¢yêâl“©

�-c®”�“©�-ÌK”�ü�, éuêâ�õ�ÌK, ¼���ÌK�pªc, éz^êâ

?1ÌK©Û, ¿��êâ�A�cS�,¢yéz^êâ�A�Ä�, ±{zêâ�Ä�

¯K.

�£ãÌ(Knowledge Graph, KG)´�«�Â�ä, L�
¢N!Vg9Ù�m��

Â'X, 2�^u�5zí�!�U|¢!�£uy!SN©u�+�. KG �^u�

�[12-13]
!ÑW[14]

!ïÓ[15]�+��&EÄ�ïÄ. Meij �[16]|^ KG¢y±©��¥%

�&Eu¢. ©z [17] ïÄ'XÄ��JÑ�«¡�¥©�Äz�+��£�üz�{.

Marin �[18](Ü KG �ÃI\êâ¢y©�á��©a. Kliegr �[19]ò�£ãÌA^u©

��&E©Û¥,�°þêâ¥�&E©ÛÚÄ�Jø
k��£. ©z [20] JÑ
�«ò

�Â�q5àa�{� KG (��(Ü� KGRank �{, ±uyÛõ3©�¥��Â'X,

¢y'�cÄ��8�. KG Ó�kÏu)ûá©�êâDÕ�¯K, X Chen �[21]|^+

��£��k��£���.ín. �é]Ô � A½+���å½�£, �©Äkò+�
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�£L«¤ KG, ,�|^ KG ´L�¢N&E¼�A½+��)�c, ?
�â KG¢N

m�'é!Ó¶¢N�ØÓá5ÚÉ¶¢N�U��Ó�¯Ô�A�, 5�O�cõÂ!

ÉcÓÂ��¹. Ó�, éuá©�êâDÕ!&Eþ��A:,·�|^ KG �¢Nm�

'é���qêâSNm�éX, l
´Lá©��&E!JpêâÄ��O(5.

�©1 1 !�ÑÄu LDA ��¬xNêâÌK©Û; 1 2 !�Ñ�£ãÌÚ�e�ê

âÄ��{; 1 3 !�Ñ¢�(J; 1 4 !o(�©, ¿Ð"ò5�ïÄó�.

1 Äu LDA ��¬xNêâÌK©Û

�!¥Äk�Ñ
�¬xNêâ�L«, 2¼���ÌK�pªc�êâA�c, ±d

?1�¬xNêâ�ÌK©Û.�
Bu�Ö, �Ñ�'ÎÒ9Ù¹Âéì, �L 1.

LLL 1 ÎÎÎÒÒÒ999¹¹¹ÂÂÂ

Tab. 1 Notations
ÎÎÎÒÒÒ ¹¹¹ÂÂÂ

Ii 1 i ^êâ

zk 1 k �ÌK

M �¬xNêâo^ê

wi,j 1i^êâ1 j �c

zi,j c wi,j ¤á�ÌK

Λi 1 i ^êâ�ÌK�þ

λk,i Ii ¥c®áuÌK zk �VÇ

∆k ÌK zk �pªc�þ

δt,k ÌK zk oc®¥�c wt �VÇ

χi êâ Ii �ÌK�pªc�þ

di êâ Ii �A�cS�

1.1 �¬xNêâ�L«

·�^ I = {I1, I2, · · ·, IM} L«�¬xNêâ8, e¡�Ñ�¬xNêâ�½Â.

½½½ÂÂÂ 1 �¬xNêâ���¢~ Ii L«���n�|(id, Ti, Ai), Ù¥

(1) Ii L«1 i ^êâ, 1 6 i 6 M , M ��¬xNêâo^ê;

(2) id L«êâ¢~I£, ��I£z^êâ;

(3) Ti L«1 i ^êâ�©iSN, ^cS� Ti =< wi,1, wi,2, · · ·, wi,n > L«, wi,j L«

Ti �1 j �c, n� Ti �¹�cê;

(4) Ai = {Ai,u, Ai,p, Ai,l, Ai,v, Ai,f , Ai,q, Ai,c, Ai,r}, L«N\&E, ©OL«êâuÙö

Ai,u!uÙ�m Ai,p!uÙ/: Ai,l!uÙ
 Ai,v!=uþ Ai,f!:7þ Ai,q!µØê Ai,c Ú

êâ�Ö��m Ai,r .

~~~ 1 L 2 �Ñ�¬xNêâ�~f. id = a001´Têâ���I£, uÙSN�©�S

N Ti, N\&E�)uÙö“I[�K unpcn”, uÙ�m“2012-9-4 17:14”, uÙ/:��, êâ

5
“�Æ weibo.com”, =uþ 0, :7þ 22, µØê 12, êâ�Ö��m�“2016-8-24”.

LLL 2 ���¬¬¬xxxNNNêêêâââ«««~~~

Tab. 2 Examples of social media data
id T i Ai

a001

“2AÜõ�—— {Ai,u=“I[�K unpcn”, Ai,p=“2012-9-5 17:14”,

�õp��º1 Ai,l=“”, Ai,v=“�Æweibo.com”, Ai,f=0, Ai,q=22,

http://t.cn/zWgYG2J” Ai,c=12, Ai,r=“2016-8-24”}
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êâdc®|¤, c®�8Ü�;3c;¥, ½ÂXe.

½½½ÂÂÂ 2 c;^ W L«, W = {w1, w2, · · ·, wS}, S �c;�c®oê, wi 6= wj(1 6 i,

j 6 S, i 6= j).

c; W �;êâ�¹��Üc®, 3�©ÌK©ÛL§¥, �z�c®©���(½�Ì

K, P¹z�c®¤áÌK, A^uÌK©ÛÚA�Ä�L§¥.

1.2 ÌKpªc�êâA�c�¼�

�©l“êâ-c®”¥�÷êâÛ¹�“ÌK”�Ý, =z�$��“êâ-ÌK”¯K. LDA

^VÇã�.L«[22], Xã1¤«.

  

 

α θ
i

z
i, j w

i, j N

M

Kϕ
k β

ã 1 LDA ã�.

Fig. 1 LDA graphic models

Ù¥, ϕk L«ÌK k ¥¤kc®�VÇ©Ù, θi L«1 i ^êâ�¤kÌKVÇ©Ù, θi Ú

ϕk©OÑl�ëê α Ú β � Dirichlet k�©Ù. Tã�.Ì��¹ü�ÔnL§:

(1) α→ θi → zi,j , )¤1 i ^êâ1 j �c�ÌK zi,j �L§;

(2) β→φk → wi,j |k = zi,j , )¤1 i ^êâ�1 j �A�c wi,j �L§.

úª(1)�Ñ
1 i ^êâ Ii ¥1 j �c wi,j �)¤VÇ¦)L§.

p(wi,j |Ii) =

K
∑

k=1

p(wi,j |zi,j = k)p(zi,j = k). (1)

Ù¥, p(wi,j |zi,j = k) L«c wi,j ÑgÌK k �VÇ, p(zi,j = k)´êâ�¹ÌK k �VÇ.

�âª(1)�(J5�#TcéA�ÌK, XJ�#�ÙÌKu)Cz, �L5�¬K� θi

Ú ϕk, S���(JÂñ.

�©^ÌK�þL«�¬xNêâ, ^pªc�þ£ã��ÌK. � Ii(16 i 6 M)�?¿

�^�¬xNêâ, Ii �ÌK�þ½Â�Λi = (λ1,i, λ2,i, · · ·, λK,i). λk,i´ Ii ¥c®áuÌK zk

�VÇ, 06λk,i 61. Ù¥, ÌK zk ^pªc�þ ∆k=((w1, δ1,k), (w2, δ2,k), · · ·, (wSk
, δSk,k))L

«, Sk � zk �ocê. δt,k ´ zk oc®¥�c wt �VÇ, 06δt,k 61, δt,k Ú λk,i ©Odú

ª(2)Ú(3)O�.

δt,k =
n

(t)
k + βt

∑S

r=1 n
(r)
k + Sβt

, (2)

λk,i =
n

(k)
i + αk

∑K

r=1 n
(r)
i + Kαk

. (3)

Ù¥, n
(t)
k L«ÌK zk �c® wt �oê, n

(k)
i L« Ii ¥�¹ÌK zk ¥c®�êþ.

z^êâ Ii Úz�ÌK zk ©O^ÌK�þÚpªc�þL«. Uì λk,i üS��êâ Ii

�ÌK�pªc�þ χi, òpªc�þ� Ti ?1��, χi Ú Ti Ó��¹�c®S�, ¡�A�

cS�, P� di =< wi,1, wi,2, · · ·, wi,mi
> L«, mi � di �A�c��ê. þãg´��{ 1.
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���{{{ 1 ÌKpªc�êâA�c�¼�

ÑÑÑ\\\: êâ8 I , S�êNiter, ÌKoêK, ëê α, β, κ

ÑÑÑÑÑÑ: êâÌK�þ Λi, ÌKpªc�þ ∆k, A�cS� di

1: for k = 1 to K do

æ�ëê ϕk*Dir(β)

 end for

2: n
(k)
i
← 0; n

(t)
k
← 0

 for each Ii in I do

æ�ëê θi*Dir(α)

for each wi,j in Ii do

æ�ÌK zi,j*Mult(θi); wi,j*Mult(ϕzi,j
)

n
(k)
i
← n

(k)
i

+ 1; n
(t)
k
← n

(t)
k

+ 1

end for

end for

3: for x = 1 to Niter do

for each Ii in I do

for each wi,j in Ii do

if zi,j = k then

n
(k)
i
← n

(k)
i

+ 1

n
(t)
k
← n

(t)
k

+ 1

end if

end for

δt,k ←�âúª (2) �

∆k ←üSü� δt,k, �� zk �pªc�þ

λk,i ←�âúª (3) �

Λi ←üSü� λk,i, �� Ii �ÌK�þ

end for

end for

4: for each Ii in I do

  ¼� Ii �pªc�þ Λi U λk,i üS� top-κ�ÌK

  di ← (Ti ¥�c®)∩(top-κ�ÌK�pªc�þ ∆k �c®)

end for

return (Λi, ∆k, di)

�â©z [23] �(Ø, �ëê α Ú β �±�Ün�%@�, = α1 = α2 = · · · = αk =

50/K, β = 0.01. �{ 1 ügS�E,Ý� O(K · S), K Ú S ©O�ÌKêÚc�oê, S �

êâo^ê M ¤�'. Ïd, Niter gêS���mE,Ý� O(Niter · K · M), Ù¥ Niter Ú

K ��{Ð©��~ê, M ´K��{�Ç�Ì�Ï�, � M ����{ 1�mE,Ý�p,

�M ≫ Niter · K ��{��mE,Ý� O(M).

2 �£ãÌÚ��êâÄ�

1 1 !ÏLA�Ä�¼�
êâA�cS�, �!?�Ú¢yA½+�êâ�Ä�. Äk
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ò+��£L«� KG, ?
|^+� KG Ú�l�¬xNêâ¥Ä�ÑA½+��êâ.

2.1 +��£ãÌ�L«

�!ò+��£L«�+� KG, P� Gk, ½ÂXe.

½½½ÂÂÂ 3 ^ Gk=(V , E)L«KG, Ù¥ V ={v1, v2,· · ·,vn} L«KG ¥¢NéA!:�8Ü,

E={e1, e2,· · ·, em}L«¢N�m>�8Ü. ?¿�^>éA��!:n�| ex=(vi, vj , label),

!: vi ¡�©:, !: vj ¡�ª:, label�©:�ª:�'XI\.

+��£dT+�ÆöïÄo(�Ñ, ^ Z =< term, attributes, addition > L«, term

�¢N¶, attributes�¢Ná5, addition�c^N\`². +� KG �L«, Äk�g� Z �

��¢N¶ vi ��+�¶¡ v0 L«�n�|(v0 , vi, label), label � vi �á5�� v0 → vi �

'XI\, 2�gïáz��� vi � vj �n�|(vi, vj , label), d� label d!:� addition �

� vi → vj �'XI\. X vi � vj Ã'X, K�A�>�Ø�3, ¤k�n�|�Ó�¤+�

�£ãÌ Gk.

~~~ 2 ã 2�+� KG �«~, k�>L«!:m�'X, KG ¥!:¶¡�ÓØ�½L«

Ó�¢N, ØÓ¶�¢N��UL«Ó�é�. Xü�“�õp�”Ó¶, �L«ØÓá5�¢N,


“
7Rç”�“¸ù”L«Ó�<Ô.

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

ã 2 +� KG«~

Fig. 2 Example of field KG

·�éA½+��	�êâ, XÀi!2w!>û±9ÜÂc®�K�êâÄ���£�

L«��£ãÌ, P� ¬Gk, l
± Gk Ú ¬Gk ��k��£?1+��êâÄ�.

2.2 �¬xNêâ�Ä�

·�ò Gk ¥�¢N�êâ�A�c��, |^ Gk ¢Nm�'é, é�êâ¥A½+��

�Üc®, �¤LÈ��. Ó�, �é�¬xNêâ��¿5, ·�|^ ¬Gk �OÃ'êâ, 3

êâÄ��?1�Ø. ^úª(4)�½êâ Ii áuA½+� Gk.

T =

{

1, (p > τ)�(p′ < τ)

0, Ù¦
. (4)

Ù¥, p L«êâ Ii 3+� Gk �VÇ, p = n
mi

, mi�A�cS� di ��Ý, n� di ¥�¹3+

� Gk ¥¢N��ê. p′ L« Ii 3+� ¬Gk ¥�VÇ. τ ��½�ëê. e T = 1, K Ii áu

Gk, ÄK Ii Øáu Gk.

^ D = {I1, I2, · · · , IM ′} L«Ä���A½+��êâ8, M ′� D ¥�¬xNêâo^

ê. l�¬xNêâ�A�cS�¥Ä�A½+�êâ��{��{ 2.
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���{{{ 2 A½+�êâÄ�

ÑÑÑ\\\: êâA�cS� di, +� Gk, +� ¬Gk, ëê τ

ÑÑÑÑÑÑ: A½+��êâ8 D

for each wi,j in di do

mi ← di ��Ý

for vx = v0 in Gk then

if wi,j = vx then

n← n+1

else vx ← vx+1, �>(vx, vx+1, label)�3u Gk ¥

end if

end for

for vx = v0 in ¬Gk then

if wi,j = vx then

n
′ ← n

′+1

else vx ← vx+1, �>(vx, vx+1, label)�3u ¬Gk¥

end if

end for

p← n/mi

p
′ ← n

′/mi

if p > τ and p
′
< τ then

D ← D∪{Ii}

end if

end for

return D

(Ü1 1 !ÌK©Û¼��êâÌKpªc�þÚA�cS�, �ªÄ����+�êâ

L«�Ê�|(id, Ti, χi, di, Ai), χi Ú di ©O�êâ�ÌKpªc�þÚêâA�cS�.

~~~ 3 XL 3 ¤«, L¥��^±õx+��~��ªÄ��ÀiÌK�(J. χi P¹


ÀiÌK�pªc�þ, �)c®ÚTc3ÀiÌKþ�VÇ. di P¹
T^êâ�A�cS

�.

LLL 3 êêêâââÄÄÄ���(((JJJ«««~~~

Tab. 3 Example of data extraction results
id Ti χi di Ai

ua6r54 #À1ôÑ#=Üõ>

bÏÜõi¤�éõi

��Ài8�/, �.

iÏ~��SÅ|, l

.i 67 km, ØLí�

�pc��½«ËA.

((ËA, 0.009 1), (¢½, 0.007 2), (Ài,

0.005 2), (À1, 0.004 6), (bÏ, 0.004 5),

(ïÓ, 0.004 3), (ôÑ, 0.003 8), (©z,

0.003 7), (ú	, 0.003 2), (Å|, 0.003

1), (í�, 0.002 8), (km, 0.002 6), (i

�, 0.002 5), (AÚ, 0.002 4), (pc, 0.002

4))

<À 1, ô

Ñ, b Ï,

i�, Ài,

Å |, km,

í�, pc,

ËA>

{Ai,u=“¡ i�”Ai,p

=“2016-7-517:44”,Ai,l

=“”,Ai,v=“�Æ”,Ai,f

=9, Ai,q=7, Ai,c=20,

Ai,r=“2016-8-24”}

3 ¢�(J

3.1 ¢���

�
ÿÁ�©êâÄ��{��ÇÚk�5, �©¼�
8FÞ^²�[24] 2017 c�
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21 567 ^êâ, ±9#L�Æ²� 2017 c,�¥ 4 906 327 ^êâ��¢�ÿÁêâ. êâ�

) id!Ti Ú Ai n�Ü©, Ù¥8FÞ^êâ�N\&E Ai ,�¹
 title Ú category, ©OL

«©Ù�IKÚ©a. ¢��¸Xe: Intel R© CoreTMi3-3240 CPU 3.40 GHz ?nì, 4.00 GB

S�, Windows7 64b ö�XÚ, Pycharm mu²�, Python �ó?§¢y.

�©�¢�±õx+��~ÿÁ+�êâ�Ä��{, Äk, òõx+��£L«�õx

KG, ^Tõx KG Ú�êâ�Ä�. du¢��#L�Æêâ��¿5, Ãg��©aI\, �


��O(���ÿÁêâ, ·�é�Æ�±S 906 327 ^êâ�<óIP, IP�IO�T^

êâSN´Ä��©ÿÁ�õx+��'.

|^®�©aÚ<óIP�(Ü, ¢�ÿÁ
êâÄ��{�k�5, ±9�{ 1 Ú

�{ 2 ��Ç. �
½þ£ã�{�k�5, ·�±O(Ç(Precision)!ð£Ç(Recall)Ú F

�(F -Measure)��IOé�©��{?1ÿÁ. Ù¥, O(Ç P �Ä��O(êâoêÓÄ

�oêâþ�'~, ð£Ç R�Ä��O(êâoê�¢ST+�oêâþ�'~, F �dú

ª(5)O���.

F =
2 · P · R

P + R
. (5)

3.2 k�5ÿÁ

�©±“8FÞ^”#ªêâ¥�ÌK©aI\ category ��â, ÿÁ�{ 1 �k�5.

du“8FÞ^”êâ¥ØÓ category �#ª^êØÓ, �©À�êâþüco�“�W”!“Ä

û”!“©z”Ú“�E”aO��uÿ8I, ¿3��ØÓ�ÌKê8�¹e, ÿÁz�ÌK©a

�O(Ç P!ð£Ç R Ú F �, (J©OXã 3!ã 4 Úã 5 ¤«.
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Fig. 3 Precision of topic analysis

lã 3 Úã 4 �±wÑ, �X��ÌKê�O\, ��ÌKuÿ�ð£Çeü, 
O(Ç

þ,. =�XÌKy©�[z, z�ÌKe�êâ?�Ú~��5�Cz, éuX“�E”!“Ä

û”�«©5�r�ÌK, Ùc®�Ù¦ÌK�c®�mäk��²w�«O,��ÌKêOõ,

ð£Ç�,�p. d	, du“�W”!“Äû”!“©z”Ú“�E”o�ÌK�êâ©OÓoêâ

� 20.51%!7.85%!5.11% Ú 3.35%, ØÓÌK�êâþ��X��ÌKê�CzK��{ 1 �

k�5. lã 5 wÑ, �Xêâþ�O\, F �­½3 0.55 þe, `²�{ 1 �k�5�Xêâ



1 5 Ï æ l, �: Äu�£ãÌÚ LDA �.��¬xNêâÄ� 191

þ�O�EU���y.
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Fig. 4 Recall of topic analysis
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Fig. 5 F -Measure of topic analysis

�é�{ 2 A½+��êâÄ�, �©±Ä�õx+�êâ�~, |^<óIP�

906 327 ^�Æêâ?1ÿÁ, ¿� KMP �{[25]�Ä:�'�c��çÀ�{, ±9 KGRank

�{[20]�Ä:�êâÄ��{?1é'. KMP �{´�«p��iÎG���{, ± KMP �

{�Ä:�êâLÈ�{´êâÄ���Ä�/ª. 
 KGRank´�«ò�Â�q5àa�{

��£ãÌ(��(Ü�'�cÄ��{, ±Ä��'�c�Ä:Ó�U¢yêâ�Ä�. ¢

�ÿÁ
n«�{�k�5, (J©OXã 6!ã 7 Úã 8.
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Fig. 6 Precision of data extraction
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Fig. 7 Recall of data extraction
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Fig. 8 F -Measure of data extraction

dã 6!ã 7 Úã 8 �±wÑ, �©Ä�(J�O(5­½3 44%, ð£Ç3 82% ±þ, n

Ü�ö� F �3 57% �m. é'��, �©�{3O(ÇþÑ$u KMP �{Ú KGRank �{,

ù´duùü«�{�Ä:�êâÄ�lc®Ñu. X KMP �{, ¦^�²*Ð�+��'c

®?1iÎ��, ù
c®�A½+��'é5�p, ¤Ä����êâO(Çg,��p. 


�©�{¦^CX����¡�+� KG Ú�êâÄ�, 3ð£Çþ`uùü«�{, F ���

XêâþO\`u KMP �{Ú KGRank �{. (J`²�©�{Uk�/¢yA½+�êâ

�Ä�.

3.3 �ÇÿÁ

¢�±#L�Æ���� 4 906 327 ^êâ��â, é�{ 1!�{ 2 ��Ç?1
ÿÁ.

ÿÁ
�{ 1 3ØÓS�gê�/e, �Xêâþ�O\�1�m�Cz�¹, (JXã 9. ¢

��ÿÁ
�{ 2 � KMP �{Ú KGRank �{�Ä:�êâÄ��{��Çé', (JXã

10 ¤«.

dã 9 �wÑ, �{ 1 ��1�m�XêâþO\
¥�5O�, 
�XS�gê�O\,

�1�m¥y��5O�. ù´du3�½�S�gêS, �(J®²��Âñ, Ù��S��

m¬~�. �©¢�nÜ�Ä�{�Ç�k�5, �½ 100 gS�. dã 10 �wÑ, n��{�

�1�mÑ�êâþ¥�5��', �{ 2 3�Ó^�e' KGRank �{��, 
' KMP �

{Ñ�. ù´du KMP �{�'�c��L§äkûÐ�5U, Ù�mE,Ý� O(m + n), m
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Ú n ©OL«8I©��ÝÚ'�c�Ý, 3¢yêâÄ��Uu�Ù5U�`³. 
�©�

�{I��é KG 'é!:, KGRank I�k¢y'�cÄ�?
Ä�+�êâ, Ñ�Oõ.
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Fig. 9 Execution time of Algorithm 1
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Fig. 10 Comparison of execution time

4 o(�Ð"

�©ïÄ�¬xNêâ�Ä�, �Ñ
Äu LDA �.��¬xNêâÌK©Û�{, T�

{U
�÷êâ¥Û¹�ÌK, ¢yA�Ä�. ?
Ú\+� KG, Jø
�«A½+��êâ

Ä��{. �´, ¢�êâ5
���ü�, "yõ²�!õ�Ý�êâ; LDA �.´�iÒÆ

S, J±O(/!k8�5/?1ÌKy©; ��©^+��£L« KG, +��£�Ø��5

¦� KG �Ø
�¡.

·��e5ò?�Ú*Ðêâ5
, ¼��)�´#ª!Facebook!Twitter �õ²�!

õ�Ý�êâ, �é��5���¬xNêâé¤JÑ��{?1?�ÚÿÁ. 3A�Ä�¥¢

yiÒ½�iÒÆS, JpO(5. 
�é+��£�Ø��, �e5òïÄ±êâ°Ä�+�

KG OþzÖ�. �é°þêâ5��p��{, ±9�{�?�Ú`z�´·�8�ò�mÐ

�ó�.
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