BRLEZSARERES
IPSJ SIG Technical Report

VIRV TIEBDHAVS

1 VINRDSERIEENR 3

S S AR A R S S A Y

BEE 04, Bl YouTube = a2 = a@)lj2s, /N TI/NHKICKE A ) Lol HHERBEED
CGM (Consumer Generated Media) ¥4 FBAKRTH S, CGM %A MR BHEED a2 v 7 v
WMINTEY, FLEREAHE a2y 7y Yy ZBELTw5, BifE, CGM YA F~DEWHavy TV Yy
Dl—{LPFEEINTVSE, BICRAZEDH LI Rav Ty yRiREay 7Y DEMPIEL s s,
B350, UNRRIZHR A9 ) 2RI, Cos EEEDORMZTNS 2 & /NHIFKICHR S 9 Ol—{bic>
WCERBMICHHliZE ko7, RIS, WYDHIS vV IVERET 2701, 7I9AF) X 3A
VA VNS REEINEHET 5. KN DOH ST U % Doc2Vec ZH VTR ML TREL, Wtk
12, NROXRT PR X-means TY FAZ VY 7§D, JIRAIERCT 7 A8 DEEEE T 5
& T, BRINFOLREBIN DS 21T .

F—J—K i, €y 5 =%, 77 A% Y v 7 X-means,Doc2Vec, 4 ¥ 7 4 ¥ /N, CGM, RIS HT

Analysis of diversity trend of online novel by clustering
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Abstract: In recent years, CGM (Consumer Generated Media) site, such as YouTube.com and Nicovideo.jp
for movies, syosetu.com for novels, become very popular. Many contents are posted on those CGM sites
everyday, and a huge number of users are browsing the contents. Now a day, some bloggers mentioned that
similar contents are well posted to the CGM site. It is felt that contents and derivative contents which have
already seen have increased. We proposed contents diversity metric, that is the sum of cosine similarities
of contents. We applied our metric to contents of nicovideo.jp and syosetu.com, and found that contents
diversity was decrease in both CGM. To identify bias of contents, we investigate the diversity trend of online
novel using clustering. We extract synopsis part from each novels, and vectorize them by Doc2Vec. After
that, we clustered the vectors using X-means clustering. We report our method and results of clustering.
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6. Doc2Vec ZRAW/NGHDARY NILL
INGRFRIZ 72 5 ) DFRFAE ORI & & 12, Sumcos 238

L] F—7—F | NG
2005/10 12 BE | 57
2006/1 3 % | 81
2006/4 6 | Bk (£4v) | 110
2006/79 | Bk (£4v) | 215
2006/10 12 | BIR (£¥v) | 282
2007/1 3 ﬁﬂ(%&/) 396
2007/4 6 | B (£4v) | 1229
2007/79 | BIR (£47v) | 1243
2007/10 12 | BIfR (&£4v) | 1321
2008/1 3 | BIfR (£4°v) | 1486
2008/4 6 | Bt (&%) | 1217
2008/7 9 | Bk (£4°v) | 1371
2008/10 12 | B (E4v) | 1275
2009/1 3 | Bk (£4v) | 1554
2009/4 6 | BifX (£4v) | 1496
2009/7 9 | B (£5v) | 1562
2009/10 12 % | 588

© 2018 Information Processing Society of Japan

MUTWBZELSHA FEEOLEREHA LTS Z
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Word2Vec (& Tomas Mikolov & DF%E L 70 #iF % 4
Y 5 TFET, FHEEZRRILONRY PV TRIT 3 (7).
Word2Vec Ti, XEHIZEHEN 2 HUFED MBI 2 AT
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2 PEEDN O & HFED N B#EFR 2 M 2 Skip-gram €
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BLU\ Negative Sampling IZ & > CE#{LZT>TWw5%, &%

FERERITGN Y PV TRT Tk To#ERd <k, 1EED
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DR O SEOFIBIPED R I LT B, ] 21 vector(’king) -
vector('man’) + vector(’woman’) %% vector(’queen’) 23T
g3,

FRED F % TR D WA L 72 DIT Doc2Vec?H?
FET %, Doc2Vec 3 XEDIMEREZERTE 5720,
XEEZX7 VAL TE 5,
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&L, Doc2Vec ICHEH T 3BT —% (a—»2) &L
72 [9]. Python M@ HASIBAH K O AE €Y 2 — )L
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6.3 NIV KMINLEV FRYEREIBEDLLER

Doc2Vec TR%AHLTUL XY T—% (L&E) o7 b
Mz, B 728 v VT TH 5 X-means TV 7
AZY V7T 5, X-means DY 7 A Y HEIREITIE AIC &
BIC D 22% %, 2x2=4 1) OfflaabEz KL,
RiEZHAGOEZROS, Y7 7 A5 ¥ T OB
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Novel Metadata
(Documents) D

100 dimensional vectors

for words.| word2vec

doc2vec ord Vectors
Word Vectors| (All Words)
(Entry Words)

d={wi, Wy, .., Wy} —1
1
vector(d) = — Z vector(w) X
m L X-means Clustering
(Python)
100 dimensional vectors for docs.
K-means Assessment
dy = (Vi1 Vi2s - Visioo) (AIC/BIC)
dy = (1, V22, -5 V2u100) 7

d,y = (V15 Vuzs -5 Vur100)

B9 /NiAYFT—%D X-means 7 7 A Y V7

6.3.1 X-means

K-means %13, MacQueen, Lloyd, Forgy &% %L 72
JEREEIL Y S A5 ) v IV FETH S [12). nflOT—5 %
7= HOEPE (B 2 REI, oL OEDL K
D7 7 A1 3%T %, X-means i51%, Pelleg & Moore
WX D ERIN Kmeans IEZIGHL 727 728 ) v 7
FiT, KZHBHEET 270 3) XL TH 2 [13]. Pelleg
& Moore D 3CHR [13] Ti, BIC ZIEEICHWTZ 7 2%
ZEHMI L, FESRORVEE %27 7 AT B K ZIRE
5.

fldiZ, Pelleg & DFIEICHBEZINZ 7, BIC 2w
THAITY XLZREL T3 [14], [15]. ARDOFE T,
278D K-means 7 7 A%V v JFEZHIRIICHEH T
5, 7I7RAZIINL, FElE R L 25EHED BIC % Hig
L, 27#BOMEPEL iU, 2ELTIKT T2,
RHICAT % D) 720, AMOFEIF R, 7272 L i
fRCHVWEALH 5,
6.3.2 AIC & BIC

AIC (Akaike’s Information Criterion, 7 it ALHE)
WEARMEAR DI E R L 7 i€ 7 VIl HHE T H 2 [16].
BIC (Bayesian information criterion, A Atz #LiHE)
1% Schwarz 3% L L 72 figh€ 7Vl BHETH 2 [17].
AIC %R (3) 12, BIC 22 (4) 197,

AIC = —2In L + 2k, (3)
BIC = -2InL+klnn. (4)

XB)BLOX @) ©, LIBEFTVOREBRBORAM, k
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