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Aspects extraction based on semi-supervised self-training

QU Zhaowei', WU Chunye', WANG Xiaoru’

(1. Institute of Network Technology, Beijing University of Posts and Telecommunication, Beijing 100876, China; 2. College of Com-
puter Science, Beijing University of Posts and Telecommunication, Beijing 100876, China)

Abstract: Aspect extraction is a key step in opinion mining and sentiment analysis. With the development of social net-
works, users are increasingly inclined to make decisions based on review information and pay more attention to the fine-
grained information of comments. Therefore, it is important to help users to make these decisions by quickly mining in-
formation from massive comments. Most topic-based models and clustering methods do not work well in terms of con-
sistency in aspect extraction. The traditional supervised learning method works well, but it requires a large amount of
annotation text as training data, and labeling text requires a lot of labor costs. Based on the above issues, a method for
aspects extraction based on semi-supervised self-training (AESS) is proposed in this paper. The method takes full ad-
vantage of the large amount of unlabeled data that exist in the web. Words similar to seed words on the unlabeled data-
sets using a word vector model are found, and multiple aspects word sets that are most related to the data set are con-
structed. Our approach avoids a large number of text annotations and makes full use of the value of unlabeled data, and

our method has made good performance in both Chinese and English datasets.
Keywords: aspect extraction; word vector; semi-supervised; self-training; unlabeled data; opinion mining; seed words;
similar words
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Fig.1 Self-training model architectural overview
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AW 5 SCHR [5, 23-241 )2 A, b i
i+ 5 J74 3k A Citysearch New York A% TS .
SCHER [23] iR 424 T — A ITE R ZE TR T AR IE Y
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Table 1 Data set description

AR S PLIES S S E S L
Citysearch corpus 279 859 1 490 281 349
Chinese 700 000 10000 710000
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Table 2 Data word set description KT 4R T A R BO AR R B | [ a] YRR T
biCiE S Wi @Y ks RS AR T, 4 45 2 VPR AE S — A B SCRY AL B A Y
Seed 17 20 12 14 f1% i 1 2 R TP R AR PRI Y T 1 A
Chinese . X . R »n
Final 115 142 76 90 SAS!L Z R — R A AL, FE P
Seed 13 — 13 23 JEOGER Y 2R  | 25 7€ —SeFh 1), [ ik
Citysearch corpus . SaE v AR F HF R I
Final 100 — 100 75 T ARVE o XA BEIAE TR R E X
T T AR BORAT AR 5 ) S A
*3 HEFEMBAFERRIA
Table 3 Gold aspects and representative words
W4T FFRRIAERER) J7 T 287 17)(Restaurant)
. . e food, cuisine, meal, quality healthy . fusion.
Flavor/Food BRI, FIBR . 3EBR HRSE. 360 KR SR L SRah . HUEE PSS . .
describe. desert, dinner
W B ER SR AL BN 22T SR T TR o _
Price . Charge . paid. bill, dollar. expensive
Ulxi-VASTEl
55 i R BCR A Al AL Pl B RS L. server, waiter, host, personnel , waitress |
Service/Staff .
MR55H hostess . manner, overbearing, server, manager
N . e R e atmosphere, environment, surroundings.
B BOR A T, AR | R RS TR A _ _ .
Ambience classy. lively. sexy.relax. chill, hang. enjoy.

WBE . H B SO B BN

quiet. enjoying

PEAL T A R A B A E—
TR AR, BRI T T A A R R i preci-
sion, recall R F,3 > 48 b5 K fff &, precision=
2xprecisionxrecall

recall= F,—score=

_TP _IP
TP+FP’ TP+FN’ precision+recall ’
X F AR AR R, AR 4 FhT BE A A B
1E M N A 1 26 (TP), G 24 1 1 1E 26 (FP),
T T B £ 28 (TIN), T 2k 10 5 67 28 (FN),
32 WHAMER

X B SR TT B S, A “Food”“Staff »
F“Ambience”3 A~ F E 1T, B HA T T A9 %L
T A TR ol P B A XURS S AT B A A
B, 3 foff A5 5 4y 1w AR MERE ARG
SCBUHE R VEAS T W s IR S5 R B
4 A5 T, AR R T A 4 Y #5 B iE] 1Y) TF-IDF 2k
B BR HE I B 4 U7 T o AR SRR A 0 SO 4
b SRR AR B SRR 40K 5 AR 3. & 4
B o

o R 0 X G AT DAL F] 1) 7E B S0 B
£ b, AR L (AESS) 78 3 477 1 A9 A [0 A0 =
T H At 73, AR SO vE AR BT RNER S 1w A
Foorgoem THAb 2 Foyik, AESS B¥IH F,
SAS 2, (HH A W 4EH & . b 7RI, &0
KB FEA BB E Y24, fl
m, HEEFWE X AT B IR R .

2) fEH SCRE 4 b, A SCOT I (AESS) 7R
Yy | M T IR T3 1R A o e T AR DT
%, 4 A T5 Y A ] AR R T AR T . AR SOy
AR SO R A B LT A 2 FR T, AT RE
A A P SO SR e B R G SE R PFIR AL
Wi, POSCAETE L R GE MBSO R, 1 A e
2 RCA 8 E B TR L, X T 3 R HCH N,
TR AR A A v i, Rk S ), DR EOCR T
B
R4 3WHAEREERHEIBEELHINESETEH
EH LRI
Table4 Comparison of results determined by the three

methods on the three gold aspects of the same
English data set

7 i Jiik TS E TR S ) ¥
AESS 0.712 0.902 0.796

Food Loc LDA 0.898 0.648 0.753
SAS 0.867 0.772 0.817

AESS 0.892 0.740 0.809

Staff LocLDA 0.804 0.585 0.677
SAS 0.774 0.556 0.647

AESS 0.595 0.852 0.700

Ambience LocLDA 0.603 0.677 0.638

SAS 0.780 0.542 0.640




.« 640 * O R

S 1 514 4%

RS 3WMAEEERNPIBEELNI4NEETEH
EH R
Table 5 Comparison of results determined by the three
methods on the four gold aspects of the same
Chinese data set

p] Jrik iHTE S EITIE AP &
AESS 0.909 0.985 0.946
Flavor Loc LDA 0.928 0.557 0.696
SAS 0.753 0.655 0.701
AESS 0.715 0.770 0.742
Price LocLDA 0.421 0.675 0.519
SAS 0.525 0.532 0.528
AESS 0.907 0.710 0.796
Service LocLDA 0.942 0.653 0.771
SAS 0.935 0.705 0.804
AESS 0.773 0.892 0.828
Ambience LocLDA 0.575 0.675 0.621
SAS 0.625 0.685 0.654
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Fig.3 The F, results that three methods determine the
three gold aspects on same English data set
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Fig.4 The F, results that three methods determine the
four gold aspects on same Chinese data set
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