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[Abstract]

As the amount of users and data of NS explosively increased, research based on SNS Big data became active. In social mining, Latent
Dirichlet Allocation(LDA), which is a typical topic model technique, is used to identify the similarity of each text from non-classified
large-volume SNS text big data and to extract trends therefrom. However, LDA has the limitation that it is difficult to deduce a high-level
topic due to the semantic sparsity of non-frequent word occurrence in the short sentence data. The BTM study improved the limitations of
this LDA through a combination of two words. However, BTM also has a limitation that it is impossible to calculate the weight considering
the relation with each subject because it is influenced more by the high frequency word among the combined words. In this paper, we

propose a technique to improve the accuracy of existing BTM by reflecting semantic relation between words.
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Fig. 1. Number of Social Media Users Worldwide
(2010-2017)
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Fig. 2. Flow of Natural Language Processing
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Fig. 4. Statistical Inference
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E 1. Biterm =&°| ofA|
Table. 1. Example of Biterm
Transaction ID Biterms Transaction ID Biterms
1 Wy, Wy 6 Wy, Wy
2 Wy, Wy 7 Wy, Wy
3 Wy, Wq 8 Wy, Wy
4 Ws, Wy 9 Wy, Wy
5 Wy, Wo 10 Woy, Wy

SNS ©H- HloJEE tie 2 & BTM 2arelss 7l A
+ Lim et al. [18]7} Chen et al. [19]2] 77} et 3l A&
2 SNS©] 540 we} ES AAJAR1 3] (User) o] A1 4 3|
A] Bl Z1(Hash tag), 3] MEH A9} -8 vlo|E & o] g&slo g
A dlo]E 8]4A(Data Sparsity)S =53le] A3 =E JhA3}H
12} 3T

ZTefi} o]¢} -2 SNS AREAL Aol WE Ak AR}
HE SA 5 oy 9] o] tha7| wtoll, AR8-A} ¥ 20 T
gk ZkaL dlolH ghi.e] 7Fe o Brh B st wheba] ARt
H e 329 A BAS 4 floks S-S 7L

BTM-2 7] AZ-2)(Gibbs Sampling) S £3] 412 23}
), BTMell 485 312 ME- o] 32412 2] ()7 2k
(1, +B)(n,wj|z +3)

W

(E n1vlz+Dﬁ)2
w=1

P(zlz_, B,a, B)oc (n, +a)

2] (1)< Biterm®] 54 54 zol| &2 &5 9|tk
Biterm 4] ol @k 2k Al Tof w; oF i
A ol w; 2 FH At n2 ThE Jnst, n, 2 54 7,
n,, .= A 20l EFE w, o 77, D= 2A G E g
219 aot B= AA £ Hk ol A FaiA= HpEaA 25
“(Hyper-parameter), < |7l 5=0]t}. o= 54| 2228 45t
7] A& wif R A ol A 54 FA7E dE AP g

q
o

K

(prior probability)©|t}. Bi= FA-ho] -3
M=, 2 o7k 57 Aol dhdd Abd hEo]
1 BTM®] A2~ ET el tigh 2] (1ol A 71
UEhllE 3t o] ¥ RiEspo) uha} Hsly] = 2
A Q1 tHe] A ()]t

(nwl\z + ﬂ)(nu',\z + ﬁ)

F
]
o
N
QL
N
O

Mo e

2] (2)2 3] biterm®] T+ To] F= d}rte] RIEV} 3231 v
7]

=
Shbe] Blssh e o), BlEs} e vole] e was] v

http://dx.doi.org/10.9728/dcs.2018.19.1.51

54

ol ZF FAleke] A& el et 7k A 9] Alte] w7ke st
oh tgo] 17 4% A k=2 W), ok, 3, gElEhs
whol 2 29 biterm®] A1 S F2317] 913471 4 (2)9] 7
F e A1 el

>

Baseball: 3 Biterm b, Biterm b, Biterm b,

Director: 1 Baseball, Director, Baseball,

Cuisine: 1 Director Cuisine Cuisine
BTM g 3.0401 1.0201 3.0401
0.01 Assignment of the same B value:

no consideration of associations
between words and topics

38 5. BTM2| FA-Tto] 23 AL 2h of|A|
Fig. 5. Calculation of Topic-word Distribution for BTM
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Baseball: 3 Biterm by Biterm b, Biterm b,
Director: 1 Baseball, Director, Baseball,
Cuisine: 1 Director Cuisine Cuisine
WV-BTM g ’ 3.2025 1.0404 3.0401 |

Cosine Similarity
from Word2Vec
Apply B value to each word:

Baseball-Director: 0.05 Reflect semantic relation

Director-Cuisine: 0.02
Baseball-Cuisine: 0.01

a8 6. WV-BTME| FH-Eto] 2 AH&H 2 oAl
Fig. 6. Calculation of Topic-word Distribution for WV-BTM
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Table. 2. Pseudo Code of Gibbs Sampling for WV-BTM
Algorithm: Gibbs
WV-BTM
Input: the number of topics K, hyperparameters q,
B, biterm set B
Output: multinomial parameter ¢ and ©

sampling algorithm for

(1) initialize word embeddings of Document using
Word2Vec
(2) Calculate cosine similarity of all the biterms
(3) initialize topic assignments randomly for all the
biterms
(4) for iteration = 1 to iteration = N do
for be B do

if /Bw,_j < ﬂ’ ﬂw,_/ = 6’
else if 1 > 5’11:. > ﬂ’ ﬂu:-, = ﬁwv,;
draw z, from P(z|sz , Bya, B, )
i .

update n,, n and n

w2 w]\z

(5) compute the parameters ¢ and ©
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Table. 3. Topic-Keywords of Tweet Data Collection
Topic 6 key-words
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(A2)) National Assembly(= 5]), Constitution(¥! &),
© Trial(AH ), National Security(=7}oHE)
. Literature (-2 2}), Classical Literature( 12 3)
Ll(tjian;re Author(Zt71), Reader(=AH),
= Novel(24), Poetry(Al)
Information Technology(IT, 8 2 &417| &),
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? !
5 03
8
< oz
o
k=2 k=3 k=5

Number of Topic k

BTM mWV-BTM

J8 7. ¥&% H|W  (k=2,3,5, i=500)
Fig. 7. Comparison of Accuracy (k=2,3,5, i=500)
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Algorithms
a8 8. FH & ™MET H|1 (k=5, i=500)

Fig. 8. Comparison of Accuracy per Topics (k=5, i=500)
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