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An Empirical Method to Remove Reviews against the Guidelines for Restaurant Review Sites
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Restaurant reviews written by customers on the Web can influence many people when they decide what to eat.
Offensive or irrelevant reviews are often posted to restaurant review services and they can make people displeased
and ruin services’ reputation. To avoid this, restaurant review service providers issue guidelines that define what
are inappropriate reviews, and employ human workers to manually remove reviews violating the guidelines. Such
manual operations incur high costs and automatic filtering is desirable. Unfortunately, although several filtering
methods are available, their accuracy and efficiency are still not enough to work well on actual restaurant review
services because of their costs, complexities, and reviews’ noisiness. In this paper, we introduce a simple, accurate,
and efficient method that detects whether a review violates guidelines or not, and show through experiments on
real restaurant review data that the method works well under practical and difficult situations.

1. [FU®IC

ENAN - AVE=FY FDERELEIZVANT Y - L
Ea— - YAk (e.g Yelp!, Retty?) WA EH L, HEH A
BEZTRARLINEZZDBIZEVEELZR->TWVS [, 2].
— /T, FAYA MIRBRROHPD & S RHBENZ L E a—%
MEZOLD L IFMEBROL Ea— O, ZhbDla—
ZFEEOT IMEYILEa—] LR, REYLEa—, K
MEZDE DL ITHEBRDL ¥ a—I1, fake review [3] IZEE
INBNZ EITER) PRI ND 2LV, Thbid
VAN VREFRBRENSDiRIREHEVZY, 12— — %TR
IZXEY A FNOREZELAIE D ERE LS.

KWJ: WENR L Ea—

HEXLUTOWRWEEZ REGFHRINE LA, BERWIZP>TWY
LBV ET,

~

J
/-WU: MEZDOEOLIFMEABROL Ea— —

i & D EEPHECE>T0D, 1 4RG3 0006 KEE LD

DIZHHINTARN,

J
ZDOFRY A N EREET LAY, EREN L DTN
YL Ea—%HIRT 2BENDHDH, TOHBLIH LW
O, FHEYL a2 —%HMIZT XA RTA YV (eg Yelp4,
Rettys) # HHE UL LT, fF¥EFEZEALTHL a2 —%2 AF
THREYIZ%2B5. ZORMICETS I A MORE I IEFEY
1 NOEEOMEL 5.

ARG s %22 <shindo@dglab. com>

%1 https://www.yelp.com/

%2 https://retty.me/

3 KX TRAROZOEL VY a—2#EIcZEL L a—fE
UCaR#d 5.

4 https://www.yelp.com/guidelines

%5 https://retty.me/announce/tos/

TIZTCARWIETIE, EVARNTY - LEa— - HA NDFEY
JANZHIRT AL, BAFD 4 &b 223 RV Ea—
D7 4 I)VE Y V7RI % logistic regression [4] & FIS7FED bag-
of-n-gram [5] (LAB®, ZMZHN LR B LU BoN £kt $5) %
HWTHFEL 7.

F1 FLEOFEY AT LB L, BN A N #5720
HUWSHEY Y — A% BEE LRV,

F2 A% LY AT MIBGIZEAT S 720, #kry 7
NTHDBENDHD.

F3 L Y a— (ie. user-generated text) f54 D) 72 RKBLTH [
ER ST EDRENDHD.

F4 L a—2FIINd L REyL ¥a—0Ea (Z0E &
Yo MIBKFET D) WMEL & & HER UPET E 500
D D.

F/o, BROTCDET—ZEMCTHML, FMIAFEE
THEWIEREE RIS S 2 2R U, (R Aimsid, LA
No Y- LEa—% 4551, EER2 EEE BigData 2018
IZERIRE N 723 (6] 2 FHEK L 726 DTH D)

2. FEERFT

AWZEEDNFZE L LT, V& —%w b D& - AHE
W7 ZRERIZUAZAYTYY - T4V R ) VY TIZET R0
[8,9, 10] WHILNT WS, ZNHDMLEIE, KHEBIERMRL 25
EORMM, KEOBELEZ A0 XENE, R ZTERE

AW XER R DR TH D0, TNTh, ¥— REEEIX
ANFTHKT S, sEHEILENKEIZA S 720 HDD % SSD &
EOBMAN =Y DRBRETHD, (R4 3ZIHETEHEERE 5
UTIEHET 72 R CHREZ FRET AWV [11] LW D EEHN S,
2T F1I-3 DWW 2ili/- X, /2, &il. ofl TRéaz

%6 https://tabelog.com/



112-J-5-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

DEDEFMERD L Ea— ] NORZBIZHMBEY, FiEz
AW FRETIEEY L a0 ARETH 5.

REFE
F4lE, BoN XN—ADFHANZ MLIZ&kd LR ZHWT L
Ca—2 Nl Thd (e A RITA VITKIBN) HER%ESHH
TEHETIEMEL, AFTREY L Ca—2RETDEED
ACAET VA EAT DU RET D, [T T IVEED
EOMERE G RV Ea—IE, AFOEEENITITHEY RV
Ca—Tdhd ks s,

ZOMBIZ XY, AFOMEEE KIS T2 2Pk e A
. EREEFEZ, B 04502 TO®YRELZLTH
5. F3BLUF4IZDOVTIE, BBROFBROFMERIZEY D
TEMI DS NIZR D)

3.

F1 {192 555 VY — ASFOIRERMFTFEDOATH Y,
FUWEEY Y — A% T 2 BB,

F2 DO HERIA AT 2 H AT (e.g. LR, BoN) DAZ HIWTH Y,
WEEIEY Y TN TH5.

F3 <EF7=ERBEAHUTE, WHZDEDIZLEEA RN
FiDAE AT WS,

F4 BIHZEETLIARFEE, FHFVOHD T —X 2@ HK
S ZLIZENT WD,

ARIFGETIE 4 FEOREAN Y MV E RS 2L THERT 5.
12D Ea—IZ/UT 1 DOREANY ML ERIGIE, BoN
DOl M=) FAE 120G (n=12)] %, &
FDMEIEX TV ¥ 2 —ANDH n-gram O HESHE (integer)] 7z
& TV ¥ a—MIZE n-gram DMFAET 5/L 720 (boolean)] %,
TNENEZD. BHABDEOEEAR Y L2 FAWEAE 4
FEOET IV 2R 1 OFEHT 11,12, B1, B2 £RT.

F 1 B MLoEEEET IV

n-gram

BREFRZOME n=1 n=12
integer n 12
boolean B1 B2

4. £BR
41 ERESIUO—/1R
AW TIE, FEERIZH 7Y DL OEGE THEE 2 IR /-,

o JEREZ MM EREE: MeCab” 0.996, UniDic8 2.1.2
e LR: LIBLINEAR® 2.1.0

F7-, EBRTC2MEOI—SA %AW .
I—NZAD>H 121, 2005 FEH0 5 2016 FIZERT 7124
XL Ea—7T, W - REYD7 7 7RFE5EINTHER

%7 http://taku910.github.io/mecab/
%8 https://unidic.ninjal.ac.jp/
%9  https://www.csie.ntu.edu.tw/~cjlin/liblinear/

WL NERIZER 2 D@ THD. BoN THRIA n-gram 134K —
NAZEENDEDEERD. 1-gram (AR —/SAT 250 [A]
BLEHBLU 72 40263 fE %, 2-gram (&R 2 —/S AT 100 [0 BL_E
HELU 72 830353 fll %, AFFETIRENTNH N, ZOHE]
BRI K B HIRRI, HEBUSE DR\ n-gram A3SE 7T RS
2H25 2L E<HNEDHS.

£2: 7575 L= AHH
La—% MR
107 32 % 108

1-gram X
10

£S5 1 DODI—/NAl%, 2017 47 A5 2018 4E 2 HIZA
RO BRI NZL Y a—7T, BY - REY0 75 IRAF
WZEDEINTWS., NiRIEEK 3,4 D@D OTH 5.

£3: 77 7HY I—/)NAWER (21K)
L a—# BAEER 1-gram %%
1378273 389775791 403614

Fd4: 75 7HY) a—NANR (AT L)

INEH Lea—$ WPNEHA LEa—¥
2017/07 176745 2017/11 164838
2017/08 178885 2017/12 166180
2017/09 175416 2018/01 170253
2017/10 181708 2018/02 164248
42 =E=B&k1
AREERRTIE, EFNVEOREEZTS. ZEFT—&22 L T2017

FET~12 JIEL 2V Ea—%, @BRF— 4 & LT 2018
I~ IZELAZLV Y a—%, Th TR ERERZ
11Z3RT.

FRMNS 302, B2 b HENR L, IRWT Bl A
BY. 120, I & D DOTNICHERENELS, 2ATRS LHE
PERED N, HiFROIEE LTI, 11 & 122, Bl & B2 S, %
NZENR TS,

B2 2VEOER (FFIZ true positive rate T 0.8 1Z7%24 9 2 BIfE
DL EDRER) % 5.2 72 false positive DL Ea—%2 HTAD L,
ZTDE FHBMRT M) BRNOTDHA RTA V%R5F>T
W3, DFY, #FM4 LY a—Idtrue positive LFEFE X H5ND.
ZUMTOFIOD@EY, > IREHIZL N, BIEHICHRE & R
ROBHEPELSFNTVDRYE, HA RIAVEFOTNDMN
BROYIM 2 NFTHRESENES S Z L BRERE D, TD
IFIFE T2 EHDD. ZOMEE, AFO@E] - AL Wiz
EHD2ENHB L, FRIZ B2 BFEHET—2D ) A AR
THBTHL I %, TNTNREKT S, £/ B2I3fil. D
3,4 2+ LT e HEALND.

«10 ) - REG)ONFRIT R AR T T OBEEERD 72 D fafk A .
«11 AIFZETIE R TOERFR % ROC Hiftz HWTRT.




112-J-5-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

o
e v ’
0.9 //// %
7/ v
I i
0.8 4 Z
1/ 4
7 1/ 4'/
0 // /
o I
s 06 i ,’,‘/
2 05 /
= . i
8 I/ /
S o4l
E ' 1
1|
0.3 ¢
i
i
02 il
i/ I s
0.1 f” BE """ 8
V/ By _ _ _
0 | |
0 01 02 03 04 05 06 07 08 09 1
false positive rate
I: EBR 1 (BETNVOHED)
(WJ: Mo IMNEHIZZ N Y a— ~

T (INVWIA) AT (R59) L (12) B2 Bk (<5
Xes)

HEEREERE (HPLITRZTVRE) O HEK (Z55%) 7
BEBERE (CZHELT) D “FT (0TI 7-ME (Zid7E) »

KWJ: HEIZHE & RO RARN T VD L a— IR

1 B R A AT B OJEE EOZENFIHZ W, ThIESTH
FKHSENTVEN, TOHEEFIENSNT WD,

[skip over many sentences similar to the above sentences)
SRR = 2 DFIE I DDA, AT EEDKA
o Tz,

[skip over many sentences that mention foods]

ETEBVULAoz, HiLAZW,

y

43 B2

REBRTIE, EETINEEHT—HORIIHLTES S5
EONEMWRTD. £FHT—4 (LA, 1mo, 2mo, 4mo, 6mo
ERT) L UTES OMIICNEL 2LV a—%, T —4
EUT2I84E 1~2 BIZEELZL ¥ a—%, TATHA
7. BETINVOFEBRKEREZK 2-5 TR

x5 FEHT—X (EBR2)

Ve ] | 1mo 2mo 4mo 6mo
Baia A 2017/12  2017/11  2017/09  2017/07
WTH  2017/12 Gils Gils Gy

12 (1 3) DA, ¥ET— 08I 2 5 1E E MR E
LU TS, 2L, 2-gram OFREBOIKZ N2 & L& n-gram
OHBBHENELEZLTHD I enb, 2 1EMICRY) T
R, d Lo — TR < AT 2 RN U 2 i RelE
NEZLND., /2, BROATDL ¥ a—2WEHZEIm <K
FURES (e.g. KLEBW, MPLTOIOA) L, BEEEEX

true positive rate

true positive rate

L

0.9

0.8

0.7

0.6

0.5

o,
",
\\

",

0.4

0.3

0.2

0.1

01 02 03

04 05 06 0.7 08 09

false positive rate

2: FEER 2 (11 O

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0 01 02 03

3: EER 2 (12 D)

04 05 06 07 08 09

false positive rate

1



112-J-5-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

0.9

0.8

0.7

0.6

0.5

0.4 o

true positive rate

0.3

0.2

0.1

02 03 04 05 06 07 08 09 1
false positive rate

0 01

X 4: B2 B1 OH )

T REMED D B .

— 5T, B1(M4) BLUB2 (M5 %, FHT—A0HA
NS 2 2 1F EHREA A EL TV, Zhid Bl & B2 Ok
HRENENWZ L EZRLTWS EEZLND. £/ Bl & B2,
17 AR O%E T —4 (1mo) Z HWFRTE:, A—J)L- 74V
X)) VT THANGND FHEIGEN T &Y BOERENHE TV D,

FE&D

KT, VART Y - LEa— - Yo MIEBEFHINS
AHWYIL Ea—%2 AFTHRETD I A NZHITRT AL, Y
LEa—2RETDHEANLTFELEREL, BNOTDOEL
Ya— - =2 EHWTEREZITVEATO®Y DA MM %R
U7

S.

o EEAEMEL, LML E1—% AFTRETZIALD
80NFEE %, MENDETIL B2 THIHTE 2122 2039
Moz, EEEIETIVICOWTIE, ¥ETFT—RHM2 5
2 ECHRENH LT A R D 2 Lo . (i 4.2
BLUH 43 22D &)

o EYATAICHAADEICHBEE 52 BEE2HETEHZ
LT, RYATLEANRG R EFH TS, (i1
BLUHI 3. 22D L)

S Xk

[1] MyVoice Communications, Inc. ¥ b ED 3 I EHRIZEY
427 v/ — N (55 4 [B]). https://myel.myvoice.
jp/products/detail.php?product_id=22515, 2017.

[2] Japan Finance Corporation. A& IZE9 & iH&H &G &
MANEDOREFEAEBHE. https://www. jfc.go.jp/n/
findings/pdf/seikatsu25_1218a.pdf, 2013.

Z I TIEAREY L ¥ a—OREBD#EY] L o — D & )+
NN EARGE.

%12

true positive rate

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

if
0.1 i

04 05 06 07 08 09 1
false positive rate

0 01 02 03

X 5: Eh& 2 (B2 DHJ)

[3] Arjun Mukherjee, Bing Liu, and Natalie Glance. Spotting
fake reviewer groups in consumer reviews. In Proceedings of
the 21st international conference on World Wide Web, 2012.

[4] David Cox. The regression analysis of binary sequences
(with discussion). Journal of the Royal Statistical Society B,
Vol. 20, pp. 215-242, 1958.

[5] Alice Zheng and Amanda Casari. Feature Engineering for
Machine Learning. O’Reilly Media, Inc., 2018.

[6] Yasutaka Shindoh, Atsunori Kanemura, and Yusuke Miyao.
A simple method to remove reviews against guideline for
online review services. In Proceedings of the 2018 IEEE
International Conference on Big Data, 2018.

[7] Ministry of Internal Affairs and Communications. -
VA =2y b EOE %A EHEERIIH T SN
http://www.soumu.go. jp/main_sosiki/joho_
tsusin/d_syohi/ihoyugai.html, 2009.

[8] Tatsuya Ishisaka and Kazuhide Yamamoto. Detecting nasty
comments from BBS posts. In Proceedings of The 24th Pa-
cific Asia Conference on Language, Information and Compu-
tation, pp. 645-652, 2010.

[9] Kenji Nakamura, Shigenori Tanaka, Yuhei Yamamoto, and
Satoshi Abiko. Method of filtering harmful information
considering extraction range of word co-occurrence (in
Japanese). IPSJ Journal, Vol. 54, No. 2, pp. 571-584, Febru-
ary 2013.

[10] Kazushi Ikeda, Tadashi Yanagihara, Gen Hattori, Kazunori
Matsumoto, and Yasuhiro Takishima. Hazardous document
detection based on dependency relations and thesaurus. In A/
2010: Advances in Artificial Intelligence, pp. 455-465, 2010.

[11] Satoshi Namba, Kenta Kadouchi, Yasuhiro Tajima, and
Genichiro Kikui. ¥ 7 1 710 71253 % U HEE B &

OfR Y Z T, In Proceedings of the 21th Annual Meeting
of the Association for Natural Language Processing, 2015.



