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Big Data: Big Challenges, Big Opportunities,
Technologies and Tools

Yugang Hu
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Big Data is becoming an increasingly
popular buzzword these days. Huge amount of
data were generated every second including from
Facebook, twitter, Google searches etc. In the
meantime, we have heard a lot about NOSQL,
predictive analytics, real-time analytics, data
visualization etc. So what is Big Data?

Definition

Big Data usually includes data sets with
sizes beyond the ability of commonly used
software tools to capture, curate, manage, and
process the data within a tolerable elapsed time.

In 2012, Gartner updated its definition as follows:

“Big data is high volume, high velocity, and/or
high variety information assets that require new
forms of processing to enable enhanced decision
making, insight discovery and process
optimization.”

The three V’s are commonly used to
characterize different aspects of big data:

1. Volume - amount of data
2. Velocity - speed of data in and out

3. Variety - range of data types and sources:
Lots of them are semi-structured or even

unstructured data, which traditional SQL
databases can’t handle efficiently.

Additionally, a new V “Veracity” is added
by some organizations as an indication of data
integrity and the ability for an organization to
trust the data and be able to confidently use it to
make crucial decisions.

How Big is Big Data?

In the last couple years, we have been
seeing enormous data generated. Most of them
are from Internet, for example, tweets, Facebook
updates, web click history, online transactions,
interactions over mobile devices etc. Walmart
controls more than 1 million customer
transactions every hour, which are saved into
database with over 2.5 petabytes of information.

According to IBM, users create 2.5
quintillion bytes of data every day, which means
that 90 percent of the data in the world today has
been created in the last two years alone. It is not
just more streams of data, but entirely new
sources. For example, there are now countless
digital sensors/cameras worldwide in industrial
equipment, automobiles, electrical meters and
shipping crates. They can measure and
communicate location, movement, vibration,
temperature, humidity, even chemical changes in
the air. Big is relative. Today’s Big Data might
not be big any more in the future given that
computer memories and hard drives are getting
cheaper every year.
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Challenges

The data we are trying to handle is too big
to fit in main memory or a machine, which
makes lots of the existing machine learning
algorithms and analytics tools no longer useful.
One way to get around is downsampling,
however it comes with pitfalls sometimes, for
example, accuracy suffered, events misclassified,
user experience impaired etc. Before we adopted
HDFS and MapReduce, MPP (massively parallel
processing) architecture was mainly used by Data
Warehouse appliances to provide high query
performance and platform scalability, typically
an expensive option for business intelligence.
MPP architectures consist of independent
processors or servers executing in parallel. Most
MPP architectures implement a “shared-nothing
architecture” where each server operates self-
sufficiently and controls its own memory and
disk. Data Warehouse appliances distribute data
onto dedicated disk storage units connected to
each server in the appliance. This distribution
allows Data Warehouse appliances to resolve
arelational query by scanning data on each server
in parallel. Thanks to Hadoop and open source
technologies, the specially configured hardware
is no longer the only option. Now we have lots of
system to run SQL-like queries, for example:
Hive, Impala, Stinger, Shark, Lingual etc.

The foundation of big data is the
technologies that support distributed storage and
data processing.

* Storage

Big Data put lots of challenges to the
traditional data storage players. Because data are
too big to fit in a single machine, data need to be
distributed across multiple machines, sometimes
even thousands of machines. That’s where HDFS
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(Hadoop Distributed File System), Google
BigTable, NOSQL databases were designed for.
Interesting enough, Apache Solr joined the
NOSQL camp recently from search engine arena
since Solr 4.0.

* Data Processing

Data processing prompts the needs to
process data from distributed storage within
reasonable timeframe. Traditional software can
NOT handle the data volume any more, for
example, R, Weka, traditional Business
Intelligence Software which were doing great to
handle small amount of data. Recently there have
been some efforts to make them work in a cloud
environment, for example, RHadoop is
introduced to allow R to run in hadoop clusters.

* Data Mining and Machine Learning

For traditional SQL users, we have Hive,
Cascading Lingual as well as Shark, Impala,
Stinger, all of which claimed to be at least 50
times faster than Hive. Algorithms need to be
revised to support distributed computing.

Big Opportunities

The big data market is booming. IDC, a
research firm, predicts that the market for Big
Data technology and services will reach $16.9
billion by 2015, up from $3.2 billion in 2010.

Career Opportunities

To exploit the data flood, America will need
many more data scientists. A report last year by
the McKinsey Global Institute, the research arm
of the consulting firm, projected that the United
States needs 140,000 to 190,000 more workers
with “deep analytical” expertise and 1.5 million
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more data-literate managers, whether re-trained
or hired. Data Scientist is the next sexiest career,
which requires the following skills:

e Statistics

e Data Munging including parsing, scraping
and formatting data

e Visualization

Business Opportunities

We are using data products all the time. For
example: AutoComplete in Google Search,
Friend Recommendation in LinkedIn/Facebook.
People start following trending hashtags on
Twitter to find out patterns of influence and
peaks in communication on a subject. Because
some data products are so impressive, business
owners know what they can expect from data
mining to grow their business and remain
competitive. Thus more business requirements
are coming up. Retailers are using sales data,
customers’ geo-location information etc. to
forecast inventories and adjust prices. They are
looking for couponing/retargeting opportunities
based on customers’ shopping patterns as well.

Technical Opportunities

New technologies keep coming up,
especially open source technologies, are fuelling
the Big Data Trend. They are making it easier for
data scientists to understand data better. Lots of
companies start seeing the values from data
mining, for example:

e News Clustering - Clustering similar
news into new groups

e Product/Movie/ Recommendations -
Almost all of the online retailers have
recommender system

e Spam/Fraud Detection

Improved access to information is also
fueling the Big Data trend. For example,
government data (data.gov), social media data,
Wikipedia data etc. Data is not only becoming
more available but also more understandable to
computers. At the forefront are the rapidly
advancing techniques of artificial intelligence
like machine learning, pattern recognition and
natural language processing. More and more
machine learning theories are put into practice,
for example, Recommender System, Customer
Segmentation, Trend Prediction, Personalization.

There are huge opportunities in the
following areas in Big Data as service provider:

e Advanced analytics
e Value-add services
e Professional services

Big Data Technologies And Tools
NOSQL (Not Only SQL)

A NoSQL database provides a mechanism
forstorage and retrieval of data that is modeled in
means other than the tabular relations used in
relational databases. Motivations for this
approach include simplicity of design, horizontal
scaling and finer control over availability. Even
where there is not a radical data type mismatch, a
disadvantage of the relational database is the
static nature of its schemas. In an agile,
exploratory  environment, the results of
computations will evolve with the detection and
extraction of more signals. Semi-structured
NoSQL databases meet this need for flexibility:
they provide enough structure to organize data,
but do not require the exact schema of the data
before storing it.

Below are the different types of NOSQL
Databases:
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- Key-Value

Key-value stores allow the application to
store its data in a schema-less way. Below are the
main players in this area:

Riak

Redis
Memcached DB
Berkeley DB
Amazon Dynamo
Hamster DB
FoundationDB
LevelDB

- Key-Document

The central concept of a document store is
the notion of a “document”. Below are the main
players in this area:

e MongoDB
e CouchDB
e RavenDB
e Elasticsearch
e Terrastore
e OrientDB

- Column Family Database

A column family is aNoSQL object that
contains columns of related data.

e Cassandra

e HBase

e Hypertable

e Amazon SimpleDB
e Cloudata

e Accumulo

e HPCC

- Graph Database

This kind of database is designed for data
whose relations are well represented as a graph
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(elements interconnected with an undetermined
number of relations between them).

e Neo4]

e Infinite Graph
e OrientDB

e Gremlin

e FlockDB

e Titan

- Real time Processing

e Twitter Storm

e Spark/Shark

e Impala

e Stinger/Tez

e Facebook Presto
e Drill

e Solr/Lucene

Machine Learning Packages

Below are some of machine
packages written in Java:

learning

e Mahout

e MLBase (Part of Spark)

e Weka

o Mallet

In general, machine-learning algorithms

learn from data. The more data, the more the
machines learn.

Summary

Data is in the driver’s seat. Big Data is a
shorthand for advancing trends in technology that
open the door to a new approach to
understanding the world and making decisions.
The predictive power of Big Data is being
explored in various industries: Retail, Financial
Service, public health etc. “It’s a revolution,”
says Gary King, director of Harvard’s Institute
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for Quantitative Social Science. “We’re really
just getting under way. But the march of
quantification, made possible by enormous new
sources of data, will sweep through academia,
business and government. There is no area that is
going to be untouched.”

According to Wikibon, the total Big Data
market reached $11.59 billion in 2012, ahead of
its 2011 forecast. The Big Data market is
projected to reach $18.1 billion in 2013, an
annual growth of 61%. This puts it on pace to
exceed $47 billion by 2017. That translates to a
31% compound annual growth rate over the five
year period 2012-2017.
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Mining Public Opinions from Chinese Social Media

Wei Li, Tian Tang, Lei Li
NLP Department

Netbase Solutions, Inc.

Mountain View, USA
wili,ttang,lli@netbase.com

Abstract—Social media in Chinese has seen an
explosive growth in the last few years. It becomes a
more and more influential outlet for the public
opinions, on any topics, including the sentiments of
consumers towards a brand or business. Due to the
large quantity of social media big data, manually
collecting public opinions is impractical. Automatic
mining from Chinese social media enabled by
Natural Language Processing is a way of doing just
that, in scale. This paper presents the general
architecture and implementation of a Chinese parser-
supported social media mining system, primarily
designed and optimized to mine consumer insights
on brands to serve businesses, but can also be used
to mine any other topics of interest. Benchmarks
show that the sentiments extracted by this system
reach high precision (over 80%) and fair recall
(comparable to that of English) at this point. For
popular topics, the experiments already show very
impressive and insightful results, thanks to the
information redundancy of big data.

Keywords-NLP; Chinese parsing; social media;
sentiment extraction; public opinion; text mining
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2 T —/NERAR . ME LIRS A, AT
JIT 5 BRI — A T, i) DA Bt e A
RIEAT S FE RIS VIE] . B ML D) 9
& LA A 4EFE I (Bhasms M) , mrolxmi—
NI S (B A (trends) o EEfnit—4F
s, Wit A BH. 8K, H
R U], R IE MBI AT E B XX
T M DRI BT 1 ) LA VG R L S I B
BRSNS SO, X TR SR A, BT
I BIOH VAL (R S8 IR BRFR g A T
IR RN A, A 2 00 E R AE
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Mo B2, REAHAR ] e AL AN H] I ZE 4 ) 31
JR N, A RRE AN R G S L
I BRI U AR S Ik B ™ (2

S5 VYA B R SR EAE N R . LT
AR B 23 AT Y T v, B 55 BT (1) 0 SR A0 Z0 TG
ALK, MR FEA IR H O B 7 R R G
(K% (Davidov, Tsur and Rappoport 2010) .
20 AR GER b R () S IR Dk i 2 LTSS ot
BN E, X4L5 ( heuristic) fEilF|Z T —
AN ICEU B B . etn, IR AR
Z R OXFERER), IEMVE CaR” BK 2
FRMESEIL AL AT, X ALLTR] S0 ), 6 T2 T
— AR R RS IR ) A ST
FREG BT I RGBS RO

EHBIAS PR A > R ARG PR, A
AT E LA 5 > AR T I IR A O, o
S IR O RSP &80 S L SR
it as, TR —25. A HIE
A B BSR4 R G IE 5 2 5 2 A SR
SR B S I AR R SR . X — R =2
TR T A AT

XYL ) - A 2 15 A ) AR T 4 I
ST 7T (Tsou et al 2005, 45 5 2%
2006, Z=H[%% 2008, T #E A% 2009, i
2010, BXWFIFAE 2010) . HEAIME AR HE
Yang and Hou (2012) &+ TAE . AT A
T bR R, IR R SE, RHOETE Ak
T ANE KIS, DRI, AR L
SEo ARGV R — N R G ) R .
A NI ok 7 HAE BRI, AFE AT
PRy T S 1 PR X RN TR vE T R I TR K . IX A
PRI S F1) 285 o A #3000 1 R G I TERA S LA SR 5 R 4R
WRE—P ke, BRAKRIE. REMNNARIR
Ny HREZBPXHERE—FE, BRRE—
VT S B TR AR I FH A R I ) SE R R A

10 Wei Li et al: Mining Public Opinions from Chinese Social Media

XSRS R PR T (L) 15 HT IR
i, LA (2) M 35 SRR ) iR AJE
WA MRA E N3 (Gimmediate local context) , ¥
HAPES I SZF, (3) BEITsZH . A
SCIFIRIFS R N, FHAEIX = 5 T A 500

X R A [ SRR 42 2 i S A R AR TR 5 A
AL BRI Bl 2 b HA 4 S T
T3 7 [ B 3B A A I 21 2 A B e LA
Ja, BAIAAT FATET X AR SR 8 Cln 2y
JE L) R 2% T 2 O ALK SR B 3O, R
ATACRIERENG TERE, IR R R AT RS 3205,
SRJa LLR P mT LU I AR 30 CERn (G R
TR B RIS ) Rk A .
SCHRAR A0 A oSS 2 4 A0 SR 238 7 T R
TAE, FATTAE R 2RI G, HOLER
REE S HAZ ) . (PERLEE TS5 75711)

L1 R BRI

FERIEN I b, 3205 ) 41RO (YR
JESBUE ARG NF e AT LT TUFRR
IR« ORI et A

3.1 HER RN

BT UEE, R 2RI =k, B b
PER) =00, 0 T BB KRS T AR
5 (W A - R | SRR S i N e A
(Strapparava and Mihalcea 2008) . 57373 /%)L
AT N A% Y TS BTG oK, AR AT MM
B FEIEMEAEEI (sentiments) 204 LX)
Mg (agent, ZEFUWNH D)t ERE
(emotions) LM FIMNT G Cobject, i
D) MR EW RS AR CE LR
YD o BTSRRI



[ ]
Qi RPN |
U2k CRIRIERIAE R
i) ]
CPEA: CFERLEATIAWERE RS ]
(%A M)
R (B9, Ak Ki..)]
U5 (WA, 77, 1))

CUsif: OB RS5. i ]
Uit

P (B2 ]

[Eed: (FAFE. P ZE.D ]

CRNE: Gy TR0, 1BRIRFE . ]

CR%: QFE. futi. £45..0 ]

RIS K E 5 B Chierarchy) X+
TR AE IR ARG A = R T F
AT B BEA EAMCSCAIZ R v] LA 76 T A AR
AMERER. EA—8NE, [rif] + [V
WY EE VA R DR AT, B AR+
Son MAG+G B, RS+ PORIRSE,

B P AETE 5 P B R (3%
Bk, HRR 2 R AR, e e
TOARBE. Al BRI &1, R EEA
By AT RE T . X TR IR F AR,
AP E X e A, AR5 R
o4 BPPT 555, A X D LTI 736
oo B (1) E GEATIERD Bk
CRUTEPTED W (AVERIAEXO iz
(SRR o IXIEFRATENZ VAN 70 BT I T0E AR

AT At vt ? 1 g o R A B S
WEREALE, NMEmE, EERED “=
27O CERT A, R X YEE”
g, AR BLTEE KRR s, “ARERIAE”
bb “PmAE” Som. XA N, B =J]. 1uJ],

IR A 20135 — K HIE5 )

FUAE 10 JJMANHE D 5 2R IK R AR 4 il i)
SR SCH ARl BEVE, DO N B 17 2 2 3 4k
i, HREWMN T B, Bk
i B ORI E SRR AL, iy HL 2L PR 1k
&, DAMEZAEETE 15 ORI T AR siafE
P2, AMECLERAE. SCHUNRIN . S S, 5T
T AFNESEBAAL, D)) ELRA
T, XWIEE 2 H0 R A ] TURUR R R
MWy CA SRS AE 2 R 6, 4
IR KP4l pass/not pass, AN A 7 {11
U RER N | SR NERUIP Lt 3 eI i
£ o RN s A KA 1 B . R
FER AT LLSRAN SRR RS R B, IXAENL SR~ ]
AU FHEY] (BRIRZ G2 X A TS
FRMERUMNGIG ), AR
ARG & 45 R b — G BB

A FFARRE 2 I AH DG (R I AT T LA 43
JE I SRR P, R T L S (1 R 1) B
H1, AFEE AP ok T2 500, oo 2K 3
e e LA BRI &, XA P L 5E ok
mil,  ENZG R AR GRS REAE 20 B0 T 45 T B
b T o AL ) AT L 1 R S R T F TR
H Jf  Cclustering > , J& T 3F I & %
(unsupervised learning) ik, WFFCHER, M
M EAG .

3.2 B HHEH

4 BRI, TR B R S 4 5 10
B HAnEsomRic e iR o, iR
ANHILFT LR 2 Bl 5 4 o R R G . 1
o AR B IR SRR A R S, (R A 2
FES B PS54 (not actionable insights) . 471
IR N B EH AN ER— A, bE A
HIEE AT, WEZRMA] S EARTENIGE
HULSEAMAE, HON T Ok ah ™ i, &N H S
ok, WIS oyl (B i) K Hh
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%, AT MENTE T . X ZREE 704
FERENZ 73 R LISL, HE— 0 AR IR L 2 1) 5 3l
R, 1 R A P9 BB AR AN S — A .
WAz IR DL, SRR 257 (1 E B R AR ek
AR, AN 1 i D T S e R
Ko AFIAL . IXFEIR BTG A2 bAE Tk H 2
A REEAIE S LR, e A5 2 1 = U 1 3
A DA I T T ) R T 2 €8 i AN
FE AR (S, SCRTTI AL SR (g
PRI

HARE R, AWV 8 T s
T YamE, T 2R S R BE e )RS
SRR DR BUIRBE ) . XTSRS
i — M NBIF H 2373 (make an argument) [k}
MER, PrigPlBE RN RIEM A CEan
CERRENHEIRE T 7, BRI MR OR R
77, RIS AR W,
Wy CHmREESE” o MR A B L R
S, WL, A E IR ARSI 1)1 B O
T AR GG B BUR R T W AR RE . A
U, CARTHS A S 0 5 R E S 2K, T
T T N BB TE I 73 2R R A Ja KA

I G TS 5 B R A2 ) Bk DFF
Y (P, prosicons) o IXEEK S
RKRTZT0, A FESUER) ™ SARANE, T
mn A D7) CBdn, RPN 7 71
TAALTE JOST RN DRkl BE . FINF [R) 55D, il
H A2 90 A P LU ] S R B 3 R KR 2 0 Al 25
(question answering) A& MEHE, why B
AT how Y i) i A 23 TA 1) S HE 11 B [R5 (1) i) A
(Srihari and Li 2006) . EA5 /> #1E EF4540—
A G KR AR Ehy Al ] 25 75 7 B
T )5 1) why [a] B T PT %

3.3 5 X IERHBUHER

12 Wei Li et al: Mining Public Opinions from Chinese Social Media

i B S AL G2 145 B R, AT 4
i AR A& = 8 A, — MO — Bk CHESE
(semantic frame, JRFREHR, template) {43
&, e MR BRI R, VR HIECR S
HAR o ARYE AT BRS R B 20 B i 1she, 1 2l
()T SCHEZR (M) 58 e an s (3L LB ] M
UFRF ALY #T DU 48 PR A, i 5 6 2
SR BRI, TR A R R R D

(2 IR I S h /]

[nr%e:  CREAESD ]

(1525 (CEWIAEIRS =X 5. ]
Uit CRAEFEGRINE .. ]
(CETENCIEC DI |

[P (EFAR..D ]

Rt (0%, 9%, K]
[rim:  CUZREA M EGE ... ]
Oiisk: (b .. ]

[ (A ]

IV. YRS B E A 7 vk
4.1 Bk B

T A T | () AR T T DL TR )2
JE T R 3 23 B SR SR AL AT SR PR IR T B A5G il
W BEANGIEILR—A AR By M4
B R BT TR 258 10 2 R AR S8 (multi-
level pipeline system) . £ ZE X RAEM&ITH
WREFAb: ymiia, $EEAHIE S 20T i
WHh—MFAES, AR TEIU IR .

S P KRR . 2SR Bk
Iy M 8% (Chinese parser) , i )2 & 5 Jd il B 2%
(sentiment extractor) . i5VE M4 B EHEH S
LR (R MBS HMERZ0E, 4
IR, B A Y ) S R R o X IR 45 R AR
MR LR H T UCHL (sub-tree matching)



EBUEW AR BT F TG B3
I g ) — 3% A R AR A 3L (finite state
grammars, Roche and Schabes 1997) [/ = )
AU, RUUMIEX RGN R A NLP FF R
F-5 . (Silberztein 1999; Hobbs 1993; Srihari et
al. 2006b) .

LS A SRR B i U S AR BT (AR AN 47
SEAE T GO AR HT SR ) ERRAT TR, R
AURRE 5 BE,  [F) AN R)VE S s R AT A SE
FEANF . ANEH P AN I 5 A S
Ko G BANES SRR BAEG Bt
THENERRKRZF, HAT LR m R R
RN AR RIAEAS B BCR G IT R 1]
KANAERL, RO AR 5 MG LD
BBk ag JE S AL T . BN, RN T ATk g
B, K RE Rl R A RTORE B L B A M
(comparative structure) 7E—4&F-ialfHEL /& TC
IRy, AHAE VLSS R B R 5 S B

e S AR O 8B ST
FAMER R, EIARRIE IS A B CE
Pl 2 ko FHuk, ZHG ORI E X
AR AR A SR TS AR 1 22
R USRI S o B At EB s 1) g T
B HBaR, ShIOsitdg R, o ek,
WHHBRARAKE . B, TAERREAREE
K. RZ RGE BB, A2 7
PHRAAN R 250

4.2 IR AL AT AR R FCAL BN R

A MRS BEAR TR, SR (5
QUFEAEAL D A AR ? R TR AP R
[ S A R 1E 5 2OSEREAS, T LR TR
Fly b 30 5 5 MYV 5 (103 I U AT 2 K IR
oF

IR A 20135 — K HIE5 )

HEERN ELSHLEIA T T3 B A
Bl WRELHF LT A IIFHET
PRI H A1, (T T S 9 AT
BT W, 5 LI e — #E AT
BN AERACRS T, A8 FARI 1A
B, AL (R
FHER CIFRAAEN) T 38— 5 O HE5,
AT 1 LI BTHL (1 AAFHL 45, 110 719
P4 B A
@ 7 i 95530 thaliHAT T AAEAT HIA I
i A BT, AR
T AU HLG 8 7530 BTN A K
Fhi s
T IH NN, L SRS A ST
1 LKA . THRECH 152
RIS 2T A2 AT TTF, &4
TSR IIALIELU .
PR AT F AN X KB F ) A
RIS e A

 4.1: HACURR A

HIESAAE - MEAMKRBEREAS

)

ORZ
_I10
8 & ]

3Q/3X | THX
Wa/ xQ
ENB
BRIBS

TE>EE

W3S fta |

FHBE ST |
WE

Kl 4.2 AAZGARHITER A NE

EHEME C(robustness) 28 U R S0 T 4
WK Cerror propagation) )5S, IR N KA
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FYEAL WA T o O T B E 5 A BRI B A
PE, —AMTZ BRI 15 RAE R G0 R s By
ATEF R P de: a3 X Clexicalist) 5 F K
M Cbottom-up) ; Gk Cadaptive) ; F1%L
PaihlSs (data-driven) o IX DY 4&H& A B B,
H HEAMMAARN. REEITRTF A LT
EPYTSEA ), 2 A B I R R .
TEREM, RENTAFRSBRES, HLRXH
AHE A S AR TR F IS, #a] DL .
PR e, T I 7 B A e i 2 SCRIR G 1 T
X A

S NLP 3 48 B8 HT i ] 5 ok
MIFER T o ] i AR RS AL, AR S0 0 A
e FHNHECH L2, 20 A e,
ARG ] S GRS -

(1) segmentation-only lexicon: 184k

(2) feature lexicon: 59k (including HowNet)
(3) location names: 3k

(4) person names: 64k

(5) product/brand names:21K

(6) company names: 1.7k

(7) other names: 2k

(8) idioms: 52k

(9) Cantonese-only lexicon: 4.9k

(10) Social media jargon: 1k

Total:

393k participated in segmentation, and
208k with lexical features to support parsing
and sentiments

WHIEEE XS HIE S i 40k 20 £
77 (K 42>, BFE (M (HowNet) ) 75771
ZIRT 200 248 ) CER. AEKA . EREAR
2003) , WAL R 2 A DOEBOERZGE. BN

ZI, [IABGEIFIT  CRANBD BekNJiu
Talgcs [FAREY (1999 W) HLlesg 17 e 4q 1]

14 Wei Li et al: Mining Public Opinions from Chinese Social Media

Zo BT bR AN, BUARDOE T AR A —
L EAPSN

R 7K |n|minusEntity,personRelated
IRFE|viminusAction,disease
IRMR JLnjminusEntity, personRelated
PR If37 |n|disease

IR IK |n|minusEntity, financeD

PR Ff|n|minusEntity,human

X aljoyful

XM nljoyful,sing

X FE|v]joyful,pass
XS 1 [aljoyful sound

X |v]joyful,cry

| v]joyful,assemble

4.3: EE LA A

WA REIAR 39 =T, R —HL
AWK (B 43) , B, DKL S
TR T U0 1 18 1 22w il i o

e TR

JE K

# 3Q 3X THX

KA KRG HH W A AG
Fethe B B wk FHE

HE B < KX i B KL

L 23 2b 2 77

149119 #9154 JEXS JErS JERIL Y
a5 R i

W&o U i

WA R

7L AL ALAL 23 20 AL ALK AL AL

FrAr . FYL I FYLE St $ 05

U

LBl

4.4: FET 2% TR A R A



PG PR 0 & ARG T R S 2 v i
ORI B, ORBEEHEIE M b wr o PRARIH S AL,
ARG G ) )35 1 PR ol Rf Y, ki e,
BE B, DR, R (HIESBR IR
g8, el BRIES RS, WHOURA—E, iR
2k, Ji T AR B 2 v T B AT AL 1) 2 A fiE
D7 BEXS AT RE R O 22 OO A AN 2T R A
ANEERE RO o K2 B TR R DR SR Y A W] 9
R, D al W, DI T R B m] LU
HRIE, EE. REASKTEARTNH
RO R AL, AAT 28 T A 3 AR AT ) A A fiE
77

4.3 RICHIEE ST

AR EAE AN G rTE, ABhh)k
M AT S5 20 2 SE A, e 2 i i T
GERIIE o ST BT AL AT AR IR SR EAT B
i FA 2R UGEL (pattern matching), k2
BT CRLERDIW] L DRI 2RIH L ] 414 41 5 R 1 4
MR B BRE N (B TEIEE. 2RANE
RIER RN, B 2 MK M O 3R 1) ) ¥ 4
B (syntactic dependency trees). P 4.5 J&H 3
TN EZRZ BB, TR, A
HRI S AT D e A SR A 1 SRk

AES T
i Parsing
\;7
\ ‘ \
RESH —N REBSH
| Shallow Parsing |~ Deep Parsing
| smanm L BREEMS
1 | Logical Form

Chunking

RIESHT
EiE -
| Named Entity Sorsference
Tagging
Ft 5 #f
s dRsE Conjunction
POS Tagging

AERF B BIERE
A
Tokenization
XamA

Syntactic Parsing: modifiers
Text Input

AEX RN . EERA
Syntactic Parsing: SVOC

i

Kl 4.5: 3o Hras A

KR A 20134 — KAIE+ T

FAME 0 A A B LUK N O R0 44, 1
5 T R E o B 45 R R E 45 # (phrase
structure, W1 I & A 1) 44 18] BB S5 R “ios5 [T
97, “IRIMAZRT FCLRTFNIThEE D, R
AN B IE K Chybrid dependency tree, Li
1989), M K F8 HLH A& A 1% By 22 W) BA A Jil
B AR PR UK R, [R) I SCSfEfe 1 45 e h)
TR SRS, R TR 2 A
IS B 4.1 HEARE & Ak oM
RV L] 4.6

N A B S AT S E &KL (TR
PRIz S5 R TR, HAE S A R
1o RATEHRIAL T, ORI A AT 4 TE T ARG

(s ) B B R T

uyu hextokenpinder actor

Gr) (7)) Cemrd CGomas
S o Ms = e
™ > “\ _ 7\\‘
) WA N
extoken
N
\ -

Kl 4.6: HVARFEA
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. %ﬁ%%ﬁﬁ%@AT%T A FLS [ 4.6 A0 BT ISR, B
PRI AR T LI WAL T 4l MHERIORA S L8] o LD A O
FEﬁ(w%wpﬁmﬁ)%ﬂMoWM%%W %1 (LR BICTAESER L 49) .
g e 1% )7
AL R 2 FAL AT R T 3 sk, Ee )

JHEAL -
E]’J . (% B ]
4.4 TEREHHEL (ERPSER)|

Kl 4.7 oAk At b rAE B 2 A B 4.9: 15 R 25 S
Ko B SR b S AL G SR E (%

SO R EAR B O30, 23 JT I B
FEETE . €l 4.10 51 4.11 FEoRIX BT 54U 42

e

BRHER (J3)

| Information Extraction ( broad )

F3CH B AT ER A b e E R (IR

Input
SQnt“—i:EfEiacnon TS, Dell T AERS B Y DR 4.
Segmentation
W/ #128/,/ Dell | RiCH [/ BHEE/ Bi(F/ 4B/ % /& /.
§E$1¢ﬁlﬁl Q\EW*%ME} ﬂmmm
O-Event Relation S-Event Extraction

—7 — Parsing
— —— -
- oEEE
- F’alseTree Bank

—
Tl
AED AR
Parsing

6]

EEHER (EX)
Information Extraction ( narrow )

Chunking
NP[EE#125] NP[Dell ZiZA] #¥/particle NP[R5E {4 #B/Adv VGLEE].

HERERA
Sennmenl Association

WYL, DelBiE A ED B BRE -

4.7: 15 S

SELART il BB o X T A V2 4 AR AR 1) 1 DL P ok
§Q£Jr¢0 4.8 S AT RO b

Kl 4.10: AV M P ERBI~ (walk-through 1)

B (actor) AN ALY AL, LA %?%?' ﬁC Positive & Negative Event Extraction
WA CHMEM s R 57 KU
(Undergoer) IE,Z‘%:ZK’TEFQ BEA3S, Del I A HERS B 4K AHER IR 2.

Negative Event

[42%: E11E & subtree rulel]

[Negative Frame]:=

(5275 #: WORD = “JHEFIAZRIRI” 1 Liih] S
[¥‘ ,'{—:T\ actor: FEATURE = human’ 7> [)\j‘/@%] <SubjectiveQuality="%"/> EEEEp Emotion Insight: &
[ 7715 4 undergoer: FEATURE = brand/product] = [/ p sl L St o~
g p
%1

. EHE 18 TN =

16 Wei Li et al: Mining Public Opinions from Chinese Social Media



V. BFIZI AR

BABIEIZ AL MG AT RS 41 .
PR 051 &GS 7 249 (back-end
indexing engine) , F T £ A8 S AR K H 4 A
A1 4x A AU . o T RSSO O R
Apache Lucene 3L A # & 5| % fF f§
(lucene.apache.org) . 4G &G R5 I FEIET
Map-Reduce HE4E, FIf 145 2 (computing cloud)
H 200 B IRSSAEAT ARG KT
(At 2 AR R B AA RS (29 300 12 3CRY S 40

ZHET) , A ARIIRGETUAE T R4
i ClR
5.1 7 & M K5 % XA

W& T &4 (front-end app) +& 3T SaaS
(Software as a Service) [ — F IS BU48E &R 1 MY
Mo APy e & s N k548, mA—1
GBI, N RSS2 S G & g AT o A
AR, RO RS SETES, U
FH 7 AT LA Cconfigurable) (9 77 20 52 B 45 1
RS U VA AT : T VAL N [ETR NS N L
WERENTHR. 158, BERKRIE, &I

BACK-OFF
MODEL

IdiIno syBisu payjuey

Bl 5.1: /iGN RG MRS G & A

IR A 20135 — K HIE5 )

— AN EMRA S & B Chybrid back-off
model) , LUK B ARE B Hi i 2 A 8] FH P 0 14
AGEE Cprecision) 5 H M2 (recall) 2 [a] [~
M ANF T K o 28— A VR o A SRR () K
TR 28 2 R G SCRF I SR B I 1 Jk
3, B R OGN A G IR I R (]
51 .

F R RS, RROK B B IR
JEERTG I 4 2R . L pr LA ks G i, Y
T DAL A BT8R 1 it R 0 B il B P e
GrUURC . Hiodhs i DA A5 2 fr s, 4R 15 (80%
LLE) A SO S AR S P A5 B SR T

R ERENERESE -ENES. B
(1) JE itk & AL 2% 2% ) b — 2% heuristics (% 11
emoticons) SCHFIIMHZ ARG 250025, MR
(1) i W B U 5 43 R IR 2 A b SR BIOC R
VER RBAHE . 1X— )25 2 BUE R B R S8 K TR

INFE .

S RN B AR 4RO (19 02 — AN R 1 4
RO, R OB 5 2R 1) S R TR
DL RIR Al PIAH 1 3 8 (theme words)  Fll
JCATRERR S IS4, He ARy 100%.

WIHTFTER, Seih ik e 2% 3 K S5
2%, MWW R4 tRE SIS, M5S0k
TUHE KA SR AN IE 5 2200, Ay B3
TG . WIRATE S G R, EAE AR Y
BEFMA, BAETE, LAY AR
AR, VHHESGEM WARA WM. W EE, Pl
M1 LA EE . Chigh recall) TR S0k
WA T 20 BT RS B Chigh precision) o BT 4R
WEESEE R, —PNEHARS Creallife
system) i 75 BEAE AE R 2 2% RN 28 4% LA ROK &
5T R 2 (A UG SR, DRSS S PR R
NLP JB &R FR 4 Chybrid system) 431 5 sz 2
H . — MR 467 R RGN
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U B ) S S W R v W = BV [ € =1¥ 73
) Ak B, P AT L AR 2E 2] ok B g vk B
(statistical model ) , UL {i K 28 4% 75 & 45t # i)
. SR BE ] ZR 5] E ARAIE A [R] R ) i JE T R

b
5.2 SRIEREME KB

PN, A8 Z N e AT A 0] R T
Fik (presentation) HIE7s Cillustration) 2 n) &
) —. 75 BBEIERAL, %R (query)
wRrREAT L E R LA A SRR R S, R
ARG R S — e 4 ), P IRE S
WS Ty —J7 I, AT AR RIS 20 A AN
AN 7 BEREAE FORGHENG 4, ARATT B 5 04K
PEAE H I A Tl 2 BRI B bR, IR g B LR
TEPREN ST . t, RIEERI B2
BRLSE W H] 2R G0 AN AT Bl (1) E B

Feut— T (2 EEEX EDY Wil
(2 b LB T L Y S B A 3l IO 1 R
AOE I, o] DA —MTIE I — R 51 5 R
KRG ME 45— H TARMERSG I
D11 S B Bl 7 e o N 2 ) W 7 R e '
Z AT . A IRAR Z RIS, 2B
— KRB (mining) )2, RIEMEHSEA
X R AR VR CER R E S A 1 T
W) 5 5 TR Cextraction) 2, FRIANK
WG F R W R, E RS A X

TIMELINE 5/MEE, 2012925230 - 2013525238

R EBERMLIRES Rk, s kM5
SIALECE AT 3 vk AR SR AR A F e, {2
B LU AR 4] R X P AR 20 1) Ak B
AP L, BATHEENIZ f5 B S 4 R AR
PIUERRZRAE (2 iSRS XTLEED) b, =
YERURE, AR GURR I 12900 2 K 2% ok i) Hs e A
IO it PR PR I B KN K fg s (&1 5.2) o kAR el
(RIS LI 748, GE A I T 1 2 Ak
K12 S AL BB 5, S B T GE

% iR B H HE

REEFESTABHS BT RUEMBEE CRANAD) - REE (GE) REFREE GEE)

» BRI TRENBETE

5.2 % g LB PR )

— R L, FRAS A BRI B A T RE A I
o EL G S AR R 28t R LA, A e
HWisE (WA IZ R SRS A
A, FOAPSSAEE . BT IEdE (Fh
R 78D, TH B d2 4t 7 4% b ] 10
(configure) IR REME, A2 DA H M2

mElx R

Bih (Ef8)

-0 3K o MEEE

e 0

. o Va U o
Y A A

11111

5.3: MUJUMEEC R (BAERTRTR)
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Social Media Emoticons for Brand Sentiments

Martin Min, Tanya Lee, Margaret Zhang, Lei Li

Netbase Solutions, Inc.
Mountain View, USA
cmin,tlee ttang@netbase.com

Abstract — Automated sentiment extraction
from social media is enabling technology to
support mining online consumer insights. From
the input side, it is observed that social media as
a sub-language often uses emoticons mixed with
text to show emotions. Most emoticons, e.g. :=),
are not natural language words, but textual

symbols using characters to present a smiley face.

Intuitively, such symbols are innately associated
with emotions, whether happy, annoyed or don’t
care, hence important clues for helping sentiment
analysis. Previous research has involved the
limited use of emoticons as noisy labels in
sentiment learning but detailed study on how
noisy or useful they are has not been done. This
paper presents a comprehensive data analysis of
the role of emoticons in sentiment classification,
focusing on its impact in the context of a brand.
The study shows that emoticons alone are not
sufficient for determining sentiments.
Nevertheless, emoticons serve as an additional
factor for extracting sentiment in cases where
other linguistic clues are insufficient. A further
study also discovers a use of emoticons as
counter evidence to effectively block glaring
errors in existing sentiment analysis. Finally, a
recall study finds that emoticons’ overall
contribution to recall is limited; nevertheless, it is
low-hanging fruit and valuable.

Keywords - emoticon; sentiment analysis;
sentiment classification; customer insight; social
media
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l. Introduction

The rapid growth of social data from such
online social networks as Twitter and Facebook
has aroused enormous interest in the mining and
discovery of customer insights. For instance,
Twitter has over 500 million registered users as
of 2012, generating over 340 million tweets daily,
which is equivalent to 3,935 tweets per second.
Such huge amounts of unstructured text data
involve enormous amount of customer voice that
is invaluable to leading brands and businesses.
They need to monitor, react, engage, and publish
at the speed of social in real time in order to
compete. The main motivation behind the
adoption of social media intelligence tools like
ours lies in the fact that people are increasingly
sharing their opinions on products and services
on social networks. Recent estimates indicate that
on average one in every three blog posts and one
in five tweets involve comments on products,
services or brands (Hogenbooml et al. 2013).
Random users freely talk about whether they love
or hate a brand, and lots of times they compare it
with other brands in the same category.
Apparently, such information would be really
important for businesses to keep track of
consumers' attitudes toward their brands and the
management can make faster decisions based on
the social intelligence when it is extracted from
the huge social data pool and analyzed properly.

Sentiment analysis is an essential part of a
commercial social media intelligence system and
provides the core functionality for sentiment
extraction from unstructured data. The majority
of sentiment analysis systems are machine
learning based, taking a traditional text
classification approach to train models like Nawe
Bayes, Maximum Entropy or Support Vector
Machine. The text unit for classification is
usually a document or paragraph consisting of
multiple sentences. Typical examples of such
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data are movie or product reviews. When trained
on domain data, those classifiers generally
achieve over 80% precision for coarse grained
sentiment classification as positive, negative or
neutral (Pang and Lee 2008). While machine
learning based sentiment classification works
well in domain data at document or paragraph
level, it faces challenges in handling short
messages (e.g. tweets posted by mobile users).

Social media as a sub-language is
sometimes full of emoticons mixed with text to
show emotions of the poster. Most emoticons,
e.g. :=), are not natural language words, but
textual symbols using characters. Among various
definitions, Wikipedia defines emoticon as “a
meta-communicative pictorial representation of a
facial expression ... draw a receiver’s attention to
the tenor or temper of a sender’s nominal verbal
communication, changing and improving its
interpretation”. It mainly uses a combination of
punctuation marks to mimic a smiley face to
express a person's feeling or mood. Intuitively,
people would assume that such symbols are
innately associated with emotions, whether love,
hate or don't care, hence important clues for
helping sentiment classification. With the rapid
growth of social media uses globally, it is
generally recognized that emoticons have been
playing an increasingly important role in online
communications, especially for the younger
generation. In light of this, a natural language
system built for sentiment analysis is expected to
take advantage of this special phenomenon,
which is typically not in the scope of the
grammar or vocabulary research of a language.

Unlike the main stream sentiment analysis
based on statistical models using machine
learning, we have built a rule-based high
precision sentiment analysis system based on a
parser for mining consumer insights from social
media. This system is designed to address two
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major challenges of machine learning systems: (i)
sentence-level sentiment classification for short
messages;  (ii) extracting reasons behind
sentiments to answer why questions. The
research on emoticons reported in this paper is
motivated by the need to enhance (i) in the
context of mining customer sentiments towards a
brand. But the analysis and experiments we have
done also serve the purpose of enlightening the
researchers in both machine learning world and
the rule world with better understanding of the
role of emoticons in sentiment analysis. In fact, it
reveals a potential pitfall facing some earlier
researchers (e.g. Read 2005) who assume
emoticons are handy and reliable sentiment
indicators and therefore use them as a gold
standard to collect training corpus for sentiment
classification.

The major contribution of this study lies in
the fairly comprehensive study of emoticon’s role
in a sentiment analysis system. We aim to
accomplish three specific goals:

» Provide a description of our sentence
level sentiment extraction system built
upon a robust natural language deep
parser, focusing on how parser-supported
sentiment  extraction overcomes the
obstacles from most machine learning
based sentiment classification systems

« Provide a statistical analysis of how
emoticons are used in social media from
various perspectives

* Provide an evaluation of emoticon’s roles
and contributions in our sentence level
brand-oriented sentiment analysis.

Part of our initial study was presented at a
symposium (Min, Lee and Hsu 2013) and further
investigation with new data has been continuing
since then.
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The remainder of the paper is organized as
follows. In Section Il, we first review two types
of related work: the work on sentiment analysis,
with the focus on the issues arising from
traditional statistical classification and the work
on emoticons used as a resource for sentiment
analysis. Section 11l describes our sentence level
deep sentiment extraction system based on
natural language parsing. Section 1V presents the
study of the emoticon's uses and statistical
distributions in social media to give the reader a
general view of this phenomenon. Section V
focuses on the precision study of emoticon,
especially in the context of brand-oriented
sentiment. Section VI is the recall study. We
summarize our findings and discuss future work
in Section VII.

Il. Related Work
2.1. Sentiment analysis

Sentiment analysis has been a focus of
research in the last decade, especially when
associated with big data of social media. Natural
language mainly involves two types of
expressions, one called subjective language, and
the other objective language (Bruder & Janyce
1990; Yu and Vasileios 2003). The former is
used for stating facts or evidence while the latter
iS to express sentiments or judgments.
Traditional information extraction systems target
facts such as relationships and events (Chinchor
and Marsh 1998). More recent research on
extraction of sentiments from subjective language
has drawn special interests from industry as the
underlying technology opens the door to the
untapped unstructured text world in social media
big data, for gaining business insights and
listening to the customer's voice and sentiments
towards a brand. Whether the sentiments
represent customers' happiness with a product or



complaints, they are invaluable customer insights
which the businesses so far mainly collect from
surveys manually.

In the research literature, the main stream of
sentiment  analysis has been  sentiment
classification based on machine learning
algorithms (Pang and Lee 2008). Such keyword-
based learning supports course-grained sentiment
classification, basically tagging the incoming
document or post as positive, negative or neutral
(Pang, Lee and Vaithyanathan 2002; Turney
2002; Taboada et al 2011). This approach for
coarse-grained sentiment analysis has the benefits
of quick implementation and high performance in
a narrow domain such as movie or product
reviews when labeled corpus is available for
training (Titov and McDonald 2008; Pang and
Lee 2005). Within a domain, the vocabulary for
subjective language is fairly limited and
unambiguous, the sentiments are more black and
white, hence, the sentiment classification based
on keyword density using even a simple learning
algorithm can achieve high precision (80% or
above), as long as the input is not a short
message. In websites like Amazon and Yelp,
there is no lack of online reviews data which are
already labeled by the users using either thumbs
up and down icons or b5-star ratings. The
increasing availability of such labeled data
creates an ideal condition for using simple
machine learning approach to sentiment
classification.

However, all coarse grained statistical
sentiment classification faces a number of
challenges, listed below.

The first is domain portability challenge.
Traditional text classification approaches are
domain dependent (Read 2005; Turney 2002). A
sentiment classifier trained on movie reviews
performs poorly on electronics reviews. In a
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commercial sentiment analysis system, social
data are harvested from almost everywhere on the
Web, including Twitter, Facebook and various
review and blog sites and different domains, such
as hotels, airlines, retailers, banking, automobile,
foods, TV shows, and every other possible sector.
With so many domains and verticals where a
market researcher wants to apply sentiment
analysis, training and maintaining domain-based
classifiers seem to be a daunting task, even if the
data from all these domains are available.

The second challenge comes from the length
of a message. As mentioned before, the learning-
supported classification is good at classifying a
document or a long review post, but the quality
will compromise significantly once the incoming
message is short (e.g. a tweet). This is
understandable as short messages do not provide
sufficient number of data points (lexical evidence
for sentiments) for an effective traditional
classification system to work on. There is some
research on applying classification to short
messages in an attempt to address this challenge
(Khan, Baharudin and Khan 2010; Yu and
Hatzivassiloglou 2003; McDonald et al. 2007;
Titov and McDonald 2008; Wilson, Wiebe and
Hoffmann 2009), but most such study is either
highly research oriented or too domain dependent,
and hence cannot be applied to a real world
sentiment analysis system. As the mobile
platform for social media is getting popular, the
social media world will soon be dominated by
short messages. In fact, in our launched customer
insight product, short tweets are already
dominating, taking more than half of the entire
social space while all other millions of social
media sources put together cannot match.

The third challenge comes from the
unsatisfactory classification precision in the
practical scenarios when big data becomes small.
For example, almost all market researchers need
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the support for slicing and dicing the data for in-
depth sentiment analysis from different angles,
based on demographics, geo-locations, time, etc.
In particular, representing sentiment insights on
the dimension of time shows the trends of a
brand and its history, which is particularly useful
for monitoring a brand's ups and downs in real
time. However, when sliced and diced based on
the users' needs, big data becomes small quickly,
and a precision-challenged classifier is bound to
have trouble with the users.

The fourth is the association challenge.
Sentiments are not meaningful unless they are
associated with an object, such as a brand or
product, a business, a person or any other hot
topic. By nature, all classification based
sentiment analysis has the trouble in associating
with the target object (Davidov , Tsur and
Rappoport 2010). Most such systems rely on co-
occurrence and proximity heuristics for topic-
sentiment association. Since there is no structure
or any relational understanding of the message in
these systems, they are powerless with simple
comparative expressions like “Google is a lot
better than Yahoo” or “l prefer iPhone over
Blackberry”, and thus the topic often loses
connection with its sentiment content.

Finally, insights from sentiment
classification only provide an overview of the
sentiments, they are not actionable insights. Deep
insights for sentiment analysis need to uncover
the reasons behind the sentiments to answer
business questions such as why customers like or
dislike a product. For instance, “I like iPad for its
apps”, where the reason for the liking of iPad is
“its apps”. We want to extract not only iPad as
Object but also “its apps” as the reason of the
emotion. Decoding the underlying reasons is a
critical need for actionable insights because
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business can take actions with such insights as a
guide.

The implementation and deployment of our
sentiment analysis engine in the customer insight
system is designed to address the above
challenges, taking the approach of deep sentiment
extraction based on natural language parsers.
Our system is multi-lingual (currently, English,
Chinese, Japanese, Spanish, German, Portuguese
and Italian), but for this paper, we limit our study
to English.

2.2. Emoticons study

The popularity of emoticons (or smileys)
comes hand in hand with the growth of social
network. They have been extremely popular in
social media among the younger generation and
the seasoned netizens. Despite their use
everywhere in the online text, linguistically,
emoticons are not a “legitimate” part of natural
language vocabulary or morphology, hence
belonging to so-called Unnatural Language
Processing (UNLP, Ptaszynski et al. 2011). Some
emoticons are fairly universal as symbols of
emotion, some are language dependent.
Nevertheless, a serious Natural Language
Processing (NLP) system, especially the
sentiment analysis system, should not simply
ignore them as they contain sentiment
information by the nature of their semantics.
Survey shows that they are the second most
important vehicles for expressing emotions in
online communication (Ptaszynski et al. 2011).

In the context of NLP, the use of emoticons
and hash-tagged emotion words (e.g. #anger) has
attracted machine learning researchers in
sentiment classification. Emoticons seem to be a
handy and reliable indicators of emotions and
hence are used either to help automatically
generate a training corpus for sentiment



classification (e.g. Read 2005) or to act as seeds
or one type of evidence features to enhance
sentiment classification (Davidov, Tsur and
Rappoport 2010; Liu, Li and Guo 2012; Read
2005; Yang, Lin and Chen 2007; Hogenboom1 et
al. 2013).

Asian netters seem to be even more creative
and engaged in making and using a variety of
emoticons. In addition to the universal
emoticons started from the west, more and ever-
growing Eastern types of emoticons have been
created. Accordingly, there is considerable study
of such phenomena in the context of Asian text
(Ptaszynski et al. 2010 & 2011; Zhao et al. 2012).

Not much has been done in evaluating the
contributions of emoticons in sizable real life
social media corpora, in the context of brand-
centered sentiment analysis. That is one major
motivation and value for this study.

Ptaszynski et al. (2011) proposes that
emoticon research consists of four lines of tasks:
(1) detection; (2) extraction; (3) parsing; (4)
semantic analysis; (5) generation; (6) evaluation.
Our work involves (1), (2) and (6). The work
involved in (3), (4) and (5) assumes the
productive nature of emoticons, similar to the
open morphology study in natural languages. For
the following reason, at least for English, this is
not a real issue.

There are thousands of varieties of
emoticons due to the semantic compositionality
of its components, in ways that are very close to
flexible word formation in natural language
morphology: a smiley face is typically made with
various types of eyes, nose and mouth etc.
(Strapparava and Mihalcea 2008). However, we
observe that the frequency distribution is very
different, and many theoretically possible
combinations do not really add to the system due
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to the infrequency of their appearance in data. At
least for English, the top n (n<1500) emoticons
are easily listable in lexicon and can fulfill the
identification of emoticons with very high
precision and recall. The research on (3), (4) and
(5) would be more meaningful in Asian context
for future work.

I11. Extraction of deep sentiments from social
media

3.1 System Overview

The entire system involves the conceptual
design of two-subsystems and four levels of
processing. The two subsystems are often
referred to as front end search app and backend
indexing engine. The four levels are:

1. linguistic level
2. extraction level
3. mining level

4. app level

These four levels of two (sub-)systems
basically represent a bottom-up support
relationship: 1 ==> 2 ==> 3 ==> 4. Clearly, the
core engine of NLP (namely, a parser) sits in the
first layer as an enabling technology, and in the
app level in the fourth layer lies our customer
insight application.

The backend system is composed of three
components:  data  acquisition  involving
Extraction, Transformation and Loading (ETL),
NoSQL databases, and distributed indexing.
Pooled from different sources in different formats
in real time or non-real-time, the data is uploaded
by the ETL subsystem into the distributed
Cassandra NoSQL database. The uploading
process involves language detection, spam
detection, web page extraction and de-duplication.
The data integration goes through distributed
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processing after the data is loaded in the NoSQL
database, using the open source text indexing
engine Apache Lucene (lucene.apache.org) based
on the MapReduce Framework. The NoSQL
databases and the distributed indexing engines
are configured in the Computing cloud in order to
ensure the elasticity of the entire backend system.
A large social media data archive accumulated
since one year ago (about 30 billion documents
across 40 languages) can be indexed within seven
days by using about 30 Cassandra database
servers and 150 indexing servers. The frontend
system is a SaaS-based application very similar
to a search engine. Users interact with the apps
through the browser and the application server.
The application servers and the query node
cluster communicate via multicast based on
JGroups. The users' queries are broadcasted to
the query node cluster for distributed search. The
search results go through a process of integration,
ranking and necessary transformation in the
application server before they are presented to

users using our configurable dashboard in the app.

One year archive of social media big data
generates about 25 terabytes of index files stored
evenly in about 170 query servers using SSDs
(solid state drives). In most cases, the user can
see their search results within 2-3 seconds for all
the required data reports in the app platform.

At a high level, the NLP core engine reads
sentences and extracts sentiment insights to
support our product for market research. Our
focus is on the workings of the NLP core engine
that parses and indexes social media text in scale.

The NLP indexing engine is a two-
component system. It forms a highly modular
processing pipeline, from shallow levels of
linguistic processing to deep levels of sentiment
extraction, using an expanded version of the
seasoned NLP-oriented formalism named Finite
State Automata (FSA, a high-level formal
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language that supports the encoding of finite state
grammars for rule based NLP, Roche and
Schabes 1997) . Similar formalism and platform
for NLP and information extraction include
Silberztein (1999), Hobbs (1993) and Srihari et al.
(2006).

The first component is a dependency parser
based on basic phrase structures generated by
chunking. The parser outputs a dependency-
based hybrid tree structure involving basic
phrases (Li 1989), representing the system's
understanding of each incoming sentence. The
hybrid tree is a system-internal, linguistic
representation, much like diagramming taught in
grammar school. The system parses text in a
number of passes (modules), starting from a
shallow level and moving on to a deep level. The
tree output provides a logic-semantic basis for the

next level of extraction modules for more
generalized coverage of the sentiment
phenomena.

The second component is an extractor,
sitting on top of the parser and outputs a table
that directly meets the needs of products. This is
where extraction rules, based on sub-tree
matching, set to apply, including our deep
sentiment extraction for social media customer
insights. Considering the combination
possibilities of surface structures, extraction rules
built at logical level, on top of deep parsing tree
structures, are often as powerful as hundreds of,
or even thousands of, low-level linguistic rules in
terms of covering the relevant surface patterns of
language expressions for sentiments.

3.2. Dependency Tree Structure and Frames

An insight extractor is defined by extraction
frames. A frame is a table or template that
defines the name of each column (called event
role) for the target information (or insights). The



purpose of the extraction component is to fill in
the blanks of the frame and use such extracted
information to support a product.

The frames for objective events define
things like who did what when and where etc.
with a specific domain or use scenario in mind.
The frames for sentiments or subjective
evaluations contain information first to determine
whether a comment is positive or negative (or
neutral, in a process traditionally called sentiment
classification). It also defines additional, more
detailed columns on who made the comment on
what to what degree (passion intensity) in which
aspects (details) and why. It distinguishes an
insight that is objective (for example, “cost-
effective” or “expensive”) from subjective insight
(for example, “terrific”, “ugly” or “awful”).

Sentiment extraction is based on parsing by
sub-tree matching in extraction grammars. For
example:

I love iPhone 5 for its bigger screen.

The parser first decodes the linguistic tree
structure, determining that the subject is “I”, the
predicate verb is “love”, the object is “iPhone
57and the prepositional phrase (PP) “for its
bigger screen” is an adverbial. The system
extracts these types of phrases to fill in the
linguistic tree structure as follows.

¥G (love)

HP (I) WP (iPhone 5) PP{for its bigger screen

/\

or WP (its bigger screen)

P AN

ts

bigger screen

IR A 20135 — K HIE5 )

Based on the above linguistic analysis, the
second component extracts a sentiment frame as
shown below:

<Sentiment Frame>

<Type="POSITIVE">

<Agent ="|">
<Object ="iPhone 5">
<Emotion="love">

<Reason="for its bigger screen">
3.3. Concept of deep sentiments

The concept of deep, fine-grained
sentiments is proposed in contrast to the
dominant practice of shallow, course-grained
sentiment analysis, thumbs-up and down (or plus
neutral) classification, coupled with sentiment
association based on proximity. This concept is
inspired by the needs from the real world market
analysts told us they need more actionable
insights and hope we can answer the why
questions with regards to sentiments. To shed
some light in the definition, a deep sentiment
system should be able to extract insights that can
answer these questions:

* About which brand is this sentiment about?
(association insight)

* Who made the sentiment comment?
(customer background insight)

* How intense is the sentiment?

(passion intensity insight)

*Can the system associate sentiments not
only with a brand such as iPhone, but also
with a feature of the brand, say, screen?
(granularity insight)

*In addition to sentiments related to
emotions about a customer
(love/hate/happy/annoy etc.), can system
identify the agent’s positive or negative
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evaluations of the brand (e.g. cost-
effective/poorly-designed/high-definition)?
(customer evaluation insight)

* How about the agents' needs or wish list
for brands? (market needs insight)

* How about agents' positive or negative
action towards a brand (including
consumers’ purchase intent such as "will
buy"; negative actions such as “abandon”,
"'stop using")?
(customer action insights)

* What are pros of a brand, including specs,
features, functionality (designed to do
what)?

(pros insights)

* What are the cons of a brand, including
weakness, loopholes and  issues?
(cons insight)

* Can system identify comparisons between
brands (iPhone is better than Blackberry)?
(competition insight)

* Finally, most important of all, what is the
reason of the sentiment?
(why insight)

Systems that can answer such questions
provide invaluable actionable insights to
businesses.  For example, it is much more
insightful to know that consumers love the speed
of iPhone 4s but are very annoyed by the lack of
support to flash. This is an actionable insight, one
that a company could use to redirect resources to
address issues or drive a product’s development.

A sentiment analysis system that can answer
most or all of the above questions is what we call
the deep sentiment system. Apparently, some of
the insights listed above, especially the actionable
insight why, are beyond what can be attempted
using the existing keyword-based models
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because it requires considerable natural language
understanding to decode such elaborate and fine-
grained insights. A deep parser is called for to
facilitate the deep sentiment extraction in order to
meet the business users’ real world needs.

Since our sentiment extraction must be
object centered, meaning that the sentiment
extracted must be about a topic or an object,
which could be a brand, a person name, etc. We
typically select 10-20 brands to evaluate the
system. For instance, in our most recent release
the brands we use are:

iPhone, Walmart, Listerine, Costco, Olive
Garden, Taco Bell, Tylenol, Camaro, Prius,
Ikea, JetBlue, Skype, Yoplait, Playstation, fish
oil, Pepsi.

We use CrowdFlower’s anonymous
annotation service to annotate the testing data,
and at least 75% inter-annotator agreement of at
least four judges is used for gold standard. The
overall precision for the extracted sentiments is
87% on average across brands. Due to the fact
that sentiment is generally sparse in randomly
selected data, we measure the total number of
extracted sentiment mentions and calculate its
percentage given a certain amount data processed
by the system. We call this sentiment coverage
metric Relative Recall. The relative recall is 8.5%
across brands. Although this is not absolute
recall, it is good for comparing the recall
performance between different product releases,
and thus this metric serves our purpose well.

IVV. Emoticon Frequency and Distribution

This section investigates the general
statistics of emoticons as used in brand-oriented
social media data. It needs to be noted that in our
approach to brand-focused, post-level sentiment



analysis, the sentiment analysis must be targeted
at a specific object (usually a brand).

Identifying sentiments without an object is
of little value in sentiment analysis of customers'
insights. It is with the brand focus that we
evaluate how emoticon's use as a clue will impact
the precision and recall of our customer insight
system. To the best of our knowledge, most
other machine learning approaches to sentiment
classification, either at document (paragraph) or
sentence level, will not take the object into
consideration in their algorithm and evaluation of
sentiment classification (at a later stage some use
heuristics such as co-occurrence to associate
sentiment with objects). That makes the research
and scoring much simpler, but will not simulate
how our users experience and evaluate the results
in the real world.

Identification of emoticons and labeling
them as positive or negative (and sometimes
neutral if needed) are a precondition for
investigating and making use of emoticons in the
sentiment analysis. An approach of combining
emoticon lexicon and emoticon pattern rules is
taken to do this.

Our emoticon lexicon houses over 1000
emoticon symbols, which are manually collected
and reviewed. Each entry is marked as positive,
negative or neutral by hand. Fortunately, most of
the western emoticon symbols in the lexicon are
not ambiguous and the identification of them
from text is a simple matter of lexical look-up.

A number of specific pattern rules are also
implemented to disambiguate a handful of
ambiguous trouble makers based on pattern
matching. The precision and recall of emoticon
identification through the combination of
emoticon lexicon lookup plus emoticon pattern
matching yield almost perfect precision and
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recall for identification after several rounds of
tune-up and debugging.

A representative social media corpus is
collected to help analyze emoticon's various
frequencies and distribution. This corpus is made
up of randomly collected data, altogether 440,000
social media posts, including tweets, Facebook
posts and forum posts. For our purpose of brand-
oriented sentiment analysis, the only requirement
for the collection is that each post selected must
contain at least one term in the represented brand
set = {Pepsi, Walmart, Groupon, Taco Bell,
Amazon}. For each brand, there are roughly
88,000 posts.

Table | lists the emoticon richness
distribution. The emoticon richness, calculated
as 3.27%, is defined as the ratio of the number of
posts containing at least one emoticon to the total
number of posts in the corpus. This metric
informs us of the overall frequency of emoticons
as used in social media and hence the suggestion
of their maximum possible impact on a corpus.

TABLE l. EMOTICON RICHNESS AND DISTRIBUTION
Brand Total Posts _With Percent
Posts emoticon
Pepsi 84,483 5,006 5.93%
Taco Bell 85,790 3,727 4.34%
Walmart 94,339 3,067 3.25%
Groupon 82,205 900 1.09%
Amazon 92,223 1,653 1.79%
Total 439,040 14,353 3.27%

Given the over 1000 western emoticons in
our emoticon lexicon, we are also curious about
how these emoticons are actually used in social
media. Table Il displays the distribution of
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TABLE Il. RATIO BETWEEN POSITIVE AND NEGATIVE EMOTICONS

Brand Pc&ssow Positive Emoticon | Negative Emoticon Pos & Neg Mix
Pepsi 4,549 3,058 | 67.2% | 1,469 | 32.3% 22 0.5%
Taco Bell 3,112 2,141 | 68.8% | 959 30..8% 12 0.4%
Walmart 2,661 1,764 | 66.3% | 887 33.3% 10 0.4%
Groupon 759 619 | 81.6% | 138 18.2% 2 0.3%
Amazon 1,491 1,210 | 81.2% | 275 18.4% 6 0.4%
Total 12,572 8,792 | 69.9% | 3,728 | 29.7% 52 0.4%
Positive (Pos) emoticons and Negative (Neg) TABLE I11. ToP 10 EMOTICONS
emoticons  (excluding the 1,781 neutral _ )
. . . . Polarity Emoticon Count Percent
emoticons as they are not involved in sentiment
analysis). It is shown that the positive emoticons P: happy ) 4,833 | 33.67%
are used much more frequently (about 70%) than
the negative emoticons (about 30%). This does P love <3 1670 | 11.64%
not necessarily imply that social media involve N: sad ( 1406 | 9.80%
more positive comments than complaints. One
explanation could be that people tend to use the P: laugh D 1270 | 8.85%
3|mp_le popular positive emoticons su_ch as ) very P: happy R 1174 | 8.18%
heavily (Table 11I), not necessarily directed
towards a specific object, but more to make the P: wink ) 1,160 | 8.08%
ost light, friendly or humorous. The default of
P . g . y .. ) P: happy ) 727 5.07%
emoticon use is found to be a positive smiley
face instead of a sad face or a neutral one. P: kidding P 719 5.01%
Given the large number of various P: grin XD 554 3.86%
expressions of emoticons, which emoticons are
. . . P: happy =) 339 2.36%
most popular in social media? The top 10 most
frequently used emoticons in the corpus are listed Total 9,019 | 62.84%

in Table Ill. It demonstrates that although the
number of emoticons is big, only a handful of
emoticons are used far more frequently than all
others. Usage of emoticons is skewed toward
certain simple emoticons such as :) or :(. In
addition, the positive emoticons are dominating,
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with only one negative emoticon making into the
top 10 list.

As this study is based on brand-oriented
data, the results are a bit different from, but still
largely consistent with, a similar study reported



by others. That study on emoticon frequency is
based on much bigger data sets from Twitter (see
http://datagenetics.com/blog/october52012/index.
html).  They report, “he popular emoticons
dominate the usage patterns. Of the 96,269,892
Tweets that contained emoticons, the top 20
smileys accounted for 90% of all occurrences. ”
This indicates that a lexicon approach to
emoticon identification, by just listing the top n
emoticons without using rules, can also be a
viable approach with only a small loss in recall.

Our next question is, how do people actually
use these emoticons in online text? One way to
get an insight of this is to count the unique
emoticons used by a particular individual. In
addition to text body, other meta information of
the text, including user id, is also available in our
content store. Thanks to this, we are able to find
out the fact regarding users’ usage of unique
emoticons. As seen in Table 1V, despite all the
varieties of emotions in the web, majority of
users (95+%) only use a couple of unique forms
of emotions.

TABLE IV. USER COUNTS OF UNIQUE EMOTICON

precision in brand-oriented sentiment analysis.
Based on the community standards, precision
used in this study is defined as: correct /
(correct + wrong + spurious).

Human annotation is necessary to support
in-depth sentiment analysis study. From the
random corpus of 440,000 posts as used above,
2,000 posts are randomly selected for human
annotation, based on the 14,353 posts that carry
positive or negative emoticons only (i.e.
excluding posts of neutral emoticons and the few
positive-negative mixed posts). Each post is
annotated by two annotators; and their agreement
is used as the gold standard. Each post is
annotated in two ways: (i) the general tone of the
post as positive, negative or neutral, irrespective
of an object; (ii) a sentiment choice of positive,
negative, or neutral towards the corresponding
brand associated with the sentiment. Of course,
our focus is on the gold standard as defined in (ii),
but it is insightful to perform a comparison of
benchmarks between (i) and (ii), presented below
in Table V and Table VI respectively.

TABLE V. EMOTICON PRECISION IRRESPECTIVE OF BRAND

Unique Number of i
) Percentile
Emoticons Users
1 238000 95.02%
2 6325 2.53%
3 4350 1.74%
4 1265 0.55%
5 400 0.16%

V. Emoticon Precision Study

Precision and recall are key measures that
are used to benchmark the quality of a sentiment
analysis system. This section studies how the
introduction of emoticons can help enhance the
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Human Positive Negative
judge (I) Emoticon Emoticon
Positive 1230 (correct) | 10 (wrong)
Neutral 384 (spurious) | 38 (spurious)
Negative 16 (wrong) 322 (correct)

Precision = 77.6%
(1230+322)/( 1230+322+384+38+10+16)

Table V shows 77.6% as the overall
precision for sentiment irrespective of brand.
77.6% is decent for precision, showing that
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emoticons are indeed important clues for
determining the sentiment tone of a post. But
77.6% is apparently not good enough to be used
to collect data as gold standard for training a
sentiment analysis system as earlier researchers
did before.

Emoticon expresses emotions of the poster,
but that does not necessarily mean that there is a
positive emotion for a brand mentioned in the
post. For instance, in the post “Someone asking a
greeter at walmart to watch their child ----
JOKE :) ha ha ha ha”, even though there is a
positive emoticon indicating the poster is happy,
there is no indication that the sentiment is
towards the brand “Walmart”. This shows that
the sentiment as representing a general tone of a
post may be different from the sentiment as
associated with a specific brand. Only the latter
is the brand-oriented sentiment analysis required
by the businesses in understanding customer
insights, as shown in Table VI.

Table V and Table VI show that there is a
sharp drop, for almost 50 percentage points (77.6
— 28.5), in precision from the object-free
sentiment analysis to the desired brand-oriented
sentiment analysis. A precision of less than 30%
is really too low for any uses. This means that
for brand-oriented sentiments, emoticons alone

TABLE VI. EMOTICON PRECISION OF BRAND-ORIENTED

SENTIMENT
Human Positive Negative
judge (1) Emoticon Emoticon
Positive 458 (correct) 76 (wrong)
Neutral 1104 (spurious) | 186 (spurious)
Negative 64 (wrong) 112 (correct)
Precision = 28.5%
(458+112)/(458+112+1104+186+76+64)

46 Martin Min et al: Social Media Emoticons for Brand Sentiments

are too weak to be useful. The future research
should explore combining emoticon evidence
with other evidence in enhancing the sentiment
analysis.

Note that there is a large number (1104+186)
of spurious cases where the human judges tag as
neutral. As discussed before, positive emoticons
are default ways of making the posts light, it does
not have to carry strong sentiment towards a
brand, especially for the simple common smiley
faces like :) or :D. Hence, there are lots of gray
area cases which are neutral but associated with
positive emoticons, for example,

@tonymophoto It was American Balloons in
Land O Lakes. | bought a Groupon for it. :).

Did you know there are Amazon links to all
the books we discuss at
http://t.co/rQZ8UoOE? Buying thru them
supports the show! :D.

As for spurious cases of negative emoticon,
it seems that some simple negative emoticons
could mean a weak “sorry” or “that’s all I can
do”, while the post is still fairly neutral, e.g.

to be honest i can't really taste a difference
between Coke and Pepsi ;-;.

I need to go to Walmart to buy my letters and
my mirrors. :(.

The last example is a need statement which
demonstrates some peculiar properties in terms
of sentiment analysis. A need statement often
goes hand-in-hand with negative emoticons (i.e.
sad that there is a need not met) while the need
statement is neutral from post sentiment
perspective and it is often regarded as positive
from brand perspective (because a needed
product is a positive mention: e.g. | badly need a
new iPhone).

As expected, wrong cases are very few (1%-
3%) when the emoticon polarity mismatches



human key (i.e. a positive emoticon is used with
a negative post or vice versa). It can be
considered as random noise, caused by mistyping,
and in some cases, it might involve a degree of
sarcasm.

Absolutely pissed that Taco Bell isn't open.:-).

RT @Jyoti_More: @rehannaaaaaa It's like
Taco Bell but it seems so much better ;(.

RT @AfsahB: When drinking Pepsi/Coke out
of a thela was so cool :'(. #PuranaPakistan
(this looks like sarcasm)
Table VII benchmarks the precision of the
Netbase sentiment analysis system in this test
corpus.

TABLE VII. NETBASE PRECISION OF BRAND-ORIENTED

SENTIMENT
Human Positive Negative
judge (1) Emoticon Emoticon
Positive 580 (correct) 24 (wrong)
Neutral 86 (spurious) 26 (spurious)
Negative 52 (wrong) 168 (correct)
Precision = 79.9%
(580+168)/(580+168+86+26+52+24)
Remember  that  the Crowdsource

benchmarks of Netbase system is 87% (Section
3.3) which is greater than 79.9% on this
relatively small corpus. Eight percentage points
are statistically meaningful, so a reasonable
explanation is called for. As the testing corpora
are all collected using brands as trigger words
from the same social media sources, the only
major difference is that posts in this study all
involve emotion mentions, the drop of precision
seems to indicate that the Netbase system’s data
quality on emoticon-involved data is not as good
as the quality on random data. This is fairly
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understandable as posts involving emoticons tend
to be more casual and degraded, involving more
social media jargons and ungrammatical
fragments. Therefore, adequately making use of
the emoticon evidence in sentiment analysis in
such data is more important.

There is another more significant finding in
interpreting the relevant data and analyses.
Although emoticons alone may not be reliable
evidence for sentiment analysis and it requires
more research on balancing them with other
evidence, emoticons seem to be very good
indicators as counter-evidence to block incorrect
sentiment classification.  This is especially
meaningful as all incorrect classification in
tagging positive posts as negative, or the other
way around, involves embarrassing glaring errors.
This is unlike the distinction between neutral and
strong sentiments (whether positive or negative)
where the mismatching between the system’s
tagging and the human judgment is not a big
issue as there is a possible gray area involved.
But the sentiment polarity error is a fatal mistake
made in black and white area where human
judges have no problems but a system often has
trouble in sentiment identification (e.g. in tricky
cases such as double negation). Extra-linguistic
evidence such as emoticons can save these
critical cases with high confidence.  The
implementation along this line is straightforward:
no sentiment classification is allowed to be in
conflict with the polarity of the emoticons.
Based on the careful data analysis of 140 cases
(i.e. all the wrong cases in Table VI), three
restrictions apply as exceptions to the above rule:
(i) the default positive emoticon :) should not be
involved as a sentiment tagging blocker as it
tends to be over-used; (ii) the negative emoticon
should not be a blocker in a need statement the
Netbase system can identify need statements),
such as | badly need a new iPhone :( where the
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system tags iPhone as a positive mention
correctly; (iii) an emoticon should not block
sentiment tagging in a preference statement (e.g.
rather A than B; again, identifying the preference
statements is within the Netbase system's tagset),
a mixed case (e.g. love A but hate B), or a long
post (threshold can be set at 10-15 words in
length). These restrictions are not difficult to
enforce in the Netbase system as many of the
capabilities have already been built-in. As a
result, some eye-catching and otherwise difficult-
to-catch precision errors are avoided when the
above heuristic is in effect.

V1. Emoticon Recall Study

We would like to get a sense of the recall
improvement if we add emoticon as a sentiment
indicator. The richness of emoticons listed in
Table | is summarized 3.27%. This tells us that
the maximum contribution to the system recall
would be 3.27%, assuming: i) none of the
sentences containing an emoticon have been
correctly classified by the system; ii) emoticon's
precision as a sentiment indicator is 100%. In
reality, neither of these two assumptions hold

annotation missed by the system, Column 3 is the
recall improvement and Column 4 shows the

overall recall improvement emoticons can
possibly make.
So how to assess the 2.72% recall

improvement? The number does not seem to be
impressive and significant from a research
perspective. However, from the practical system
development’s point of view, this improvement is
useful and meaningful. In our English rule
system for sentiment extraction, we have a total
of 409 rules, which consist of thousands of
linguistic patterns built upon a semantic parser.
However, the top ten mostly fired rules
contribute to nearly 50% of all sentiments
extracted. The vast majority of all other rules
account for the long tail of the remaining 50%
sentiments. There is a very long tail of individual
rules that contribute to less than 1% of sentiments,
but without them the errors are very eye-catching
once they do occur. Table IX lists the top ten
fired rules in our system. In fact, it is these

TABLE IX. ToP RULES CONTRIBUTING TO SENTIMENT
EXTRACTION

true, _of _course. As a result, the actual recall Firing Fregquency Positive Negative
contribution would be lower than these numbers.
In order to get a precise idea of the recall impact #1 10.16% 9.89%
to our existing system, we use an existing #2 9.59% 7.12%
Crowd-source-annotated §orpus used by our QA 43 5 1506 6.11%
department for evaluation. The results are
presented in Table VIII. The first column shows #4 4.96% 5.22%
emoticons’ agreement with the annotation, #5 3.49% 3.93%
Column 2 is for the emoticons' agreement with 46 3.95% 3.42%
#7 3.60% 3.11%
TABLE VIII. EMOTICON’S IMPACT ON SYSTEM RECALL
#8 3.13% 2.73%
agreew | system | Recall | Overall
pos | 1052 20 1.94% 2 720, 10# 2.85% 2.25%
. 0
neg 88 3 3.52% Sum 49.76% 46.37%
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corner cases that make a difference between a
high-precision system and a mediocre system as
the easy ones can be fairly quickly captured by
all systems using whatever approaches.
Individual rules that contribute to modest recall
but can correct glaring errors cannot be ignored
in a real life system. In this sense, the emoticon
provides a low-hanging fruit for enhancing the
data quality which should not be ignored either.

Considering the fact that most rules
contribute to the system recall marginally, the
2.72% contribution from emoticon is fairly
significant. We would also like to point out that
the recall contribution also varies depending on
the data source and the maturity of the sentiment
system. Since our English sentiment system is
the most developed of all languages, it leaves less
room for the emoticons to enhance the net recall.
But in sources with heavy use of emoticons such
as school students’ Facebook updates, the impact
would be much greater.

VII. Conclusion and Future Work

We have presented a comprehensive data
analysis of the role of emoticons in sentiment
classification, focusing on its impact in the
context of consumer’s sentiment for a brand
because that is what the field really needs from
the business clients. The study shows that
emoticons alone without considering other
linguistic evidence are not sufficient to dictate a
sentiment towards an object. On the recall side,
emoticons’ potential overall contribution is
limited but fairly meaningful: the upper boundary
for absolute recall contribution is 4.2%. A
reasonable 2%-3% recall enhancement can be
expected if balanced properly with other
evidence.

For future work, we plan to investigate
various ways of using emoticons with other types

IR A 20135 — K HIE5 )

of evidence to maximize the enhancement of the
sentiment classification. For example, in the
following sample sentences,

Skype messed up us talking lol smh ;(.

iPhone is coming to sprint, my dad asked at
the store today :-D."

| have my Taco Bell :-) yum.

“Skype”, “iPhone” and “Taco Bell” are the
objects we would like to extract sentiment for.
We can see that there are no any emotional words
or phrases in the sentences. In the first case, the
combination of negative emoticon ;( and the verb
“mess up” indicates that the speaker is unhappy.
In the second and third cases, there are not any
emotional triggers linguistically, except for the
emoticons. However, the fact that the speaker is
waiting for something to come in the second case
and the speaker gets something in the third case,
coupled with an emoticon in each case, indicates
exciting, happy emotion.

How do we linguistically understand and
make sense of these facts from the sentences?
These sample sentences show that emoticons
mainly help extract implicit sentiment from
factual sentences, not subjective sentiment. This
is important because a traditional sentiment
system is generally good at analyzing data with
explicit sentiment triggers, such as words like
“hate”, “love”, and “terrific”, etc. Without
emoticons, it is hard to judge whether there is an
emotion or not in cases without explicit triggers.

In a nutshell, our NLP system provides these
resources listed below, which we can utilize to
balance with emoticons as evidence for sentiment
classification:

* An ontology-based rich feature system

* A rich set of
different types

lexical resources with
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* A thorough NLP analysis of each token in
the sentence

* A semantic analysis and representation of
the sentence by a deep parser

* An efficient finite state automata based
rule engine which identifies, among
others, a rich tagset such as statements for
benefit, problem, need and preference

All these facilities working together allow
us to make use of rich set of evidence including
emoticons, and write either generic or fine
grained rules that can effectively and accurately
extract sentiment based on balancing different
types of evidence. In particular, an effective use
of emoticon as counter-evidence to fix the glaring
errors such as sentiment polarity upside-down
mistakes helps enhance the users’ experience and
trust in the system quality when the emoticon
evidence is coupled with the system’s existing
capabilities. That is the work currently being
implemented in our system.

We also plan to involve the hash-tagged
sentiment words in twits such as #sad and
#excited as they seem to demonstrate the similar
role as emoticons in the popular twitter
community. The detailed study of language
dependent part and the universal part of
emoticons, especially the Eastern vs. Western
distinction, is also interesting and beneficial to
our multilingual program. Finally, the study of
the language-dependent part of emoticons,
especially for the Eastern vs. Western distinction,
is also interesting and would be beneficial to the
multilingual program.
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Abstract—Sentiment extraction from social
media has been an applied research area of Natural
Language Processing (NLP) that has drawn

considerable attention in both academia and industry.

However, the treatment of dialects in an NLP-based
sentiment mining system has not yet been
extensively studied. This paper explores the topic of
dialect processing in NLP as applied to Cantonese in
the context of Chinese sentiment system.
Preprocessing a dialect using machine translation
belongs to the so-called ‘restoration’ approach in the
NLP community. Compared with the approach of
natively developing a Cantonese parser from end to
end or via re-training, the restoration approach has
the major benefit in saving the development time as
well as linguistic resources. Benchmarks using
crowd-sourcing human judges show that the data
quality for sentiment extraction undergoes limited
degradation (less than 5%) with this translation-
based approach, which can be extended to NLP of
most dialects.

Keywords-NLP; Chinese parsing; social media;
sentiment extraction; Cantonese; dialect

WE—LUFRGIE . 5 s AR I o
AEAZPAAA L LA AR A, A A
D PR B (R 5 o AR SCA SR BRAT S B I H T (1)
HOSCHEAS AR B2 0 R 4, o i i ] RS
R RE TR P AT R AR B, U A SR O

52 Lei Li et al: Mining Public Opinions from Social Media in Cantonese

W%, ARG AT &4 (Robustness) H S 4 i i1 B
T . T LA PE AN IS, SR E ok
SCAT AT 1 LA o N T R 13 3 R P SR 14 1) 5%
B, KUNAT P LRGEHEEIT RIS, £f
AT A I IhBEN T 35 () LS S EONY o o
RIZR I, 87 LA B R FAT P SO T v
WARL, X T A S R TR T 5%,
PAT A B RSB 7T (ARG, A AE S B N Hox
T35 BB T — 4R BT

REEW : NLP; 1 SCHBIT A S Ak,
By G B, S TS

. 5

|12

LB IR« I TR A AR I o SO AT
PRAEIT JUAE AR K o AR AT BRI 5 i g
SRHER, BT 8 RS R LI — A E
TG, RANREIRIE . LEF R AL AT AR B
SR SCRGUE R, B AN 1
1o MHLES LB KRG, 7 5 AT ESR
L, SE—FhFiES (sublanguage) , A LLEAE
eI R A . TR 4K 2 H X BRI,
)T SRR A AN o Tt v SR e 4 S0 S
F) B SRR S v, ARG T SR
RG MO HTRFZHE, XA TAT, &%
B2, R SRS T SRR AT A
).



FEAT BRI 9 R R — 2 il 1T A RITE
FARAIRIRVE . X BRI R RS, WOEE
ST RGN EFEYE (robustness) o FRATT TAELE
B EA R, S DN A A RS () 4
ACUEAR o IXFE B ST B2 B g I e] A
IS LA B IR BE S AN . Rk, FRATT A B0
TAESEA S5 BT 17 AL R B 1 0 ) 0] (R e e L s
B, OO RGBTSR XL R
TR —ESHINRSR, B LA, BHiF4Ed.

AR W EEAM R T AR =i i
E BRI RRE  PRAERA S S DU T R RO
SR TRty o O O R R SN e g I S a1
Al e RGNS R LA R A SN 7 E AL
B R

1. HRBFR Sie

FE AT B A B 2 4 1 2R A 1 R il
(sentiment extraction) . 5/ ER 0 =30 2 A H
MLgs2e 3Tl “— 481 1”  (bag of word)
BT ) ) 15 J 4> 2 (sentiment classification)
W LR Z S5, U B BT 5 5
Ar CEH R SCE document, ERlEF post) 730354
IE 1 Cpositive ) A1 44 ffii ( negative ) , Y fif
thumbs up and down classification (Pang, Lee and
Vaithyanathan 2002; Turney 2002). iXFffifid:iii
ATIREE, AR e Sl (B Eitis) ,
F e ] LLR & (Titov and McDonald 2008). X
& R AE— AP I s v, P H TR A =4 [
SEAT PR, IE T AT PR FH ) R o0 A FE AN TR,
FEPRIE T, Tk A8 OB ] (AN ] R DA
B FHARAME . TFER I B 2R R 48 2 DA 2]
# o = (Wiebe 2000; Turney 2002 ; Riloff
2003) o A1 RO S G ] UM LR ORI R v
% (Ding 2008; Taboada 2011) .

IR A 20135 — K HIE5 )

X DUE ) AR 2 AR B ) AT AE T 46
SLEBTIE I 5S7E (Tsou et al. 2005, 45 5 &%
2006, Z=Hf%F 2008. £ #EME 2009. % S
2010, BAWFWFSE 2010) . HERIES KL
Yang and Hou (2012) J&F R H TAE. AT
T bR R, IR R S, AHDOE T Rk
ITENEED I, WBEW, TIEMS LRSS,
ZARG T S — AN RN I EUE . XA
N BT R T 8 R, 48 N TArE:
Vi) SHL ) AR RN T ARy v A 1R PR X o 3K PR A PR A
(1) 2 AL A5 D B R e IO ERR % LA K $R 3 R Ee it
— B RIE, TRAKIE. REMMLER /D,
HREZHP B KRG—FE, ERRE BT
SE B VAL N N P S RS (1 S 56 R G

LRI R PR T (1D A AT IR
Gi, LAFRA T (2) 4p i AR SRR
HATIRM BN, BRI scRe: (3)
BTSSR IEIE . FATIWE R ) SR GEAEIX =
7 TV SRR, TSR R ik M 1R 5 e
AT AL BN REE AL A AR RS T fE

FEXFET = F A BENEE 2, AWK
P —A Ry, EAE M E— T IR
GRMNKITF R —E 4T A RSE Cnative
development approach) . —4c2&HERN TS 1
BT — R AR, eite kR (B
R E (restoration approach) , 4R JEHE4TH S0
ST AIE, RMEE TS . J7 5 AR BELLAL,
NLP i A i Ak 35 LA AN I SCAS 6T X Y 4% i1
WAIIRZ 26, B A\ SR KNG A7 1
#l. Niu et al (2004) TEAMLLER T PR 5 V470K
INEFANG3 [P SCAR A 2 R 6T B 25 B U 1)
. MWHhE &S, WE KPS (case
restoration) FRAT /3 AT AHAHE T 20 E T, BHE
Uk HRAE R AN A 73 SO E KN 25—
TN RGN k. £ 54, WPk
(1) % 2 v LUK AR R 8N, BT 2 JA 15
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FREBILUR P o G R B [ i A SN
ORI AL B R G B IR s AN,
B NBEAWMMNIT R —BEHE RS -,
Wb BEAS AL 5 M, RT DL B T 8 L R A
MBI SERRR MBS TIXM s, JHA T —
MDA T E IE R, BRI IR 45 2R N\

=
4%'\ o

1. AER T AL 2E A EE 2 EE R B 3h#iE

WA — A0 ) E S0 3 R G VE N AR BEK
A, GPAR S, T FEEmE, 24
JISENS . T v iB R3] AL 50 AR 1A
X il 55— ACHL 2 B 1% (word-for-word MT) (1) &
# >k (Hutchins and Somers 1992) . FAlIANE
KIEFEMBIE, BRI ok (1) 5 1 KA T 13,
BRI ZEAZ T o ARG iR #1%
Bo I, ARECR I AP R — AR AR ]
T SR, RN BRI S H AR A 5
. MY ESEEZ KA RZENRADN, X
AR ZE S, RIS AN SR Pk i . i
PR — A 1) AT A X TOUIE G IR 2 o BIFIE R
W, SR A iR S Ak 0 PR S BE Y 0 Clocal
context disambiguation) , W] DL g 46 K £ B
B SO R, R A G SR A M SR . BRik
PLAL,  Fedlad R H — T BT 18 2 R 25 42 JR) 0K
(global propagation) [r143 Ak 5 Bl iy b — Lk
5ol PR A o

TR R AL R 1 10 2 Al 2 B 2
EIARTE R 4 e e o BARTRIR 0 S 1V
X RV AR N AT B S, X, Bl 20

AR SRl
W € Bl

7 4R € AR
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F AL < P4
Aot & W ARIHEMRIT: 2115 MRIE MRS RN

PR TEOL A RARIXHE,  BOCR IR RN
HerhEmAAAE ) — X 2 IR .

a7 € &

HT 1N € 17
FEWMH € H
WIS €
VA GRS
IR € Y
RIE €< %h

T B DR M AN T 3 S PR AT 55

IRZ s, B IR S E LS
AR, AN T B S R B B S 1R Ak
X SRR G ] — O B, AR Bl B8
Pl T, kAR B 2R AR e R K T A
KAWL LR ST 40 PF o 30 1] L 11 B84
WA L] R B X , AT UK T
Can SR BRSO DA B B0 o ety i,
N R R R R BV AR . H AT
B R LA — 7 AR 4%, XNV 52y 5000 4%
IR 4%, JEAAEGE T BB R FH e A L
Bt PR~ (ETEERT, BiEREE) -

WBE: BPEREE /22

ZT: MFE N

AT T KAGHE KA /122
A K 112

W oKE I
kid: B n
Bkt RET
4. #Ed /1
IXAE: W R O ot
— TR SR EE M

112

1122211



—RES M N
—EkK: S /12
ANH: WEER SREC 11

AN WER WEMR 5 2R SR IR 5FR RIMA
112212212

NG BEET ZRFD 11

AT TR RS 11

HEEE: R N

ARV : KB KMy /122

NS ANH Al /712

H V8 K 112

a8 WERE 1L TRk G
fREE#S: Bl /1

ol b: AENE [ B 1222 1B R
PRl wytE 11 NPECHELLOH %

Pher: Ff ik ke 1122

it el R FhE /11

X0 AME 2 1) ARUEIETE, SRR R
e |k

Wb—x: HH /2

AN 1A~ M2

WE)LENIE : %N /12

WERR: B 1

WiW): WY EHYWAE MG K< 11201 /1 CORIE U gy

il )

AN ANZRIYURR W 2R A 1 WA R AR i
S WG R AR /2222222

AK: BRIERIL 112

KRS Gf/bE 112

BLUE: ALUP ELUP 1122 JIFT AR R IR S AL
UP#yIE#

BLULIE: LA gy /122

SR R /2

SRiT: AT 112

fHaFE: SEE /72

fraveit: R 112

PR : WARK 112

IR A 20135 — K HIE5 )

IMFR]: B 112

BIANT . FEUEES /2

NS VMR PSSR AE 122
AER A TRTFN /2

AN Rk hopt B E R REYE WA AR
111122221

—Eeff L dEE /12

By JLEh I

e YR /1

Uf#E: UFIE GFRAE /112

UfIEH : WFIER 112 1 exception rule for 4 1F
Ufnz: i I

P2E: [BlYE [Bl9E /11

AHE: WD EAED SR TR R S
1122222

S AR 12 1 R R
FoR: BENBEEL L B URERAT SR
Bk ot 112

4. 47D 17d 1704 A7 A /11111
LAk A7E

flbrer: BEAY BERE /11

MH: R N

FLIR: BOME) FLUN UM BCHK FLAE L //111111
AN VENGIE VESS 1122 1IVES)ERE KA
part-time, "H/bdk, E/bd 4 law

i /bd DIy D b 112211

(PN s MESHE LRI gal MELRE i M-t 4ens
/11121111

AEEAZ: BIAR LIER LR LI
112222

Ao WHAE Howk Blogt /111

APHERE: A TR WRAE /7121

X WERE 12

ALk A7 GLeHWE 5L /121

RN R RTLAE JE\A 11222
KIEANE.: WHEES /12

T EIWE T A fuse A RN A HAA /1111111
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BA ke B LG 1122

B JRORE JRIRER 1122
STIXFEIRL: MR ZRAH IR /722
XEEARVG: WY /72

U I LB G g 3 DL AR
PELig e Bz Bk £ £ 5m
FRFEHE R : fredsh /72
IR KAy e /12

RO BT 28 (1) I R AR PRAE 21— 4y L
ST R, A A — B L 1] [ B ) AV 75
AV B, WM BRSO . B,
CAGFERSS IS B R R R R,
BRSNS R R R N =il 3R
“NT RIBNCAR 2, TXRE A v it R O
oo BRI, FRATTR) T e ial 4% 5K 3l 1 & 5K 3] i
(expert lexicon, Liu, Fu and Li 1989; Li et al
2003) FHLE, X LE S5 H i) S DU A ik 5
Mo B AR MR A ST A2 1] LA R A P R £
DNTIE ¥ PRI 1T

4F I 5 before person noun is Ji: ASEFER 2 2
NEXT:human = #( 7

D // D before noun is iX: FEHdHEAET;
T
NEXT:noun = &'

I 1] B > 4 unless it is sentence final
IsentenceFinal > 774

BF I BE+F5 15 or sentence final > () (=)
NEXT:punctuation = 47
sentenceFinal > /7

#) Ilas ¥5: eq. 5 HAMIp L)
PREV:intensifier > ##
PREV:verb > #
sentenInitial NEXT:punctuation = #

L 11 'E for passive #: AR PHEB LG (IR) 45 5% T
NEXT:human? NEXT:verb > #//? is
optional

112
1122

kD

56 Lei Li et al: Mining Public Opinions from Social Media in Cantonese

NI V++# = “no matter how” (G anfi)
PREV:verb NEXT:#45> L 2/

DA F B g im] 0 Lo 5 3] it (0 AR AL DA X oK
(1 0 R P 3 1) TR SR e T, E
SR ATARANE o i T IRATH R GE TR AE AT AR,
PR A BRI A S LUAR SR BRI AR
MR AR IS0 KAIRZ o AN BAERE T
FAEAL AR BRI T AR NN TIT 77,
SUSTELADN A Can CERY A0 (WD
[R] A [RY . CAY AR IEY, (] AR
[, 5555, HEEEREAZEN, B4
TR AR, fEAROI, A A4,
B SRR TR A ) AR AT 0 Al 1 B A A
T NNIERTARZ B Bn,  “¥p7 C “Mp”
AL AR A AR B0 7D A IR AL A B
IR T2, BB BN SCAA IR A
JRAs BRI, AR B A SR e S, e R
15" N1 R i = R T

WA XA, FRATTRIH TG S A A
NS, R T W AR R R SCHE DU o
(RS (AR 24 R0 B, R JE B SR 18
RN, (propagation effect) i W A 1 X
FH R, JRBELERBIM,  FIA Niu et al
2003) o XA bR A Y RES BN SO A
AP 5 RE 7 S ELAAR R A s 2 B Ak
xS By B, w S 2 H il B s S A
(sublanguage classification) . iXA>id F A )
2 B TR TA] B )45 RN — S8 B A AT DR
heuristics, f1¥F:

Cid T B P obR v 0 B4 T o ] 20
AR Ay 2>, —H L, &3cn)rkh
Wil AR BT A B A

AT T RGN BRI 1122

BT KRB /12

Aot MR FEMR SR MR MR /122222



TP WU T /122

i) S0k i) i rp Ay B ) (5510 ChRidoh
IR 1), RUISCH 258 B AT M AUAN
RSB, ZSCRA RE RO Wi, Bl

wiEE. KE N
5 SUR; /11
— T A R EE 11

ES: e N

A DHBRE D 0 SRR H, R
HBEAE D RN BB SR P T, .

P BrEE /0

0. 1. 2 [FUhnBUbeiE: -5 1) it i %8 5 MR B
] 0 AR IR R AT, AR il ot i) 3
IR g AT 4

N TAE A e, [ I DRAIE Bl 5 4 f5 i) i
RIIN R B HLA i T ) 185, 30 73 2 5t mT [
D, FAHCETE 7 S i B S e ] i
O CRSCRAT T S ) #8213 i
1D o IR AT 1A 45 S AU R
(1 A1 2, ZBEHREN 0 1% o BRI A
MAFHAE R, WRAREN 0 Biddk: briEAN 0
[ 0] 4 1R e R B 17 R P S SRR TR R A
TR FAT XA 56 4 A T D] — AU LA Bl
BFRGIIEMN M 2R E B R .

BRI AW P A A
AN RN EE, RGA =L MATE R
Fh ] iR L 0] S 25 A T B [ AR . AR
B (0 SC A Bk I DA TR S S I R
RO ADBARPTES 5, PO
et 2 e A S 1) [ O R R 2 AT REA T, PO
PRI LA RE S -1 ] 51 2% 2] 2 A 25 AR AR I
fHo D

£ S

N R — LS R T 0 B SR S

IR A 20135 — K HIE5 )

B2 A2 LA 2 (B RO B A% 2 Duas A4
> AT ABE B LA ? AT T4 B 2D
st

BT AR SLEN > At AR G0

PR 7 MR B FLAR G EA . A3 HREF Lt

> TRKEE O AR TS ZEATT . A IKEE
EEEURE? > A RIR?

BIEARIE J\SCEREY, BRI R R

> ROEARIEFE )\ SCER,  AAA AT R
A

ASATWNIIE /S > AsToumisE T

RIKZE, B 58 > 2AREE, BTE

UL R, DRIO R IR IS > IR, Ph—tkdy
KE

B PRI G 2 gt B3, FR-f BLA S AFR fake
> W H 2 ANEAWE B R 5 21, Bk DA & X fake
BRI AE RG> B AE ML

11 H. Apple ANM#S G g7 — 5L 58 e A

- 1M H. Apple [ AN 5l 58 7 i 4 i

1 #siphoneftfans B 112 e $% & 5 (1)

-> 1 Zsiphone ) fans B %1 /& B Ak 1, & E 1)
FEAEIE 2] > A5 A F

FARME ARG A FAAAGEEA KN
f1i%d > HEA%d

It LA~E B £ T > it DA~ A JEE 5% 12 58 FE
WHEBR A B 58 b e N > IXFE AR A 82 ik
AL

Fr it - JE FLAR A I B T 5t

> Flkl LRI EBEA I AR

T 1 S 3 A8 e R P A 8 A 3R S
A 5500, HEiE A 3000, [EiE ) 2500, 45
AL 99.1% MREHESE (precision) , 71.2% 4[]
Z(recall) o EFEEE AT BTN 702K
WL, 256 0 TR AT I ) 45 R B
A RE T 5] 86.1%, 1M AH i B LRI R A F
97.6%.
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true positive: 788
false positive: 19
true negative: 4706
false negative: 127
Precision: 0.9764
Recall: 0.8612

X PR 0T L (2 428 W A S RF IR B R0l H ) 2 A
BR, BATTHIRIE MR 2 B U1 SO Rg 28 1A ]
FHECL S, 0 SRR S E P RS BE s /T 5%, i
AR SR W R AN A H SRR T AL RE, B
TR RE I 2 R B 20% LA E. JURH iPhone 1524
a AR, R BOCEEE N A, R
SR G| TP REHLESE 1000 AN EAE NG, 1000 4
[ bk, 4551 TABLE 1.

TABLE 1
R el
. =71 =l y

i,

Sentiment CREFIACRE) (S ) [ 1
Positive 48.2% 76.4% 78.3%
Negative 56.8% 81.7% 89.5%
Overall 57.5% 79.1% 83.9%

BRI B P B A i 0 i
SR RS S S P AL I s O,
BRI, BT E AR O R, T S I R e
RIS, AR S A T R 1
SRR, AR L, JUsE, T
AR M R, AL T RS A
BRI, 43 1026 00 B 2 U L 7

M AN, X PR 52 00 5 A E sl i

110 F 380 B T e an] R . — 7]
ZOAHIEAI G, i dLa S 7ETF KA
Y3z L (incremental enhancement) . fifi
FE R 22 I EAE B . B g A S, Bk ik
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20 (10T 1)V A AR PR R BB SR A R I
ARG ISR PR (1) A (A1 2 Bt 2 E AR 58 1T e A
ANFEIR L o

NS HAZ O RGN RIS R . R
T2 KRB (QA) EXFEHATI. T
KRG NI S R 2 SR i e, 3R
ATV H RS BT AT AR M) 10-20 AN
PAE R RGEN, ARG D B 5 R 5 31T
By . WAMEH 2 CrowdFlower 1) 7] 45 IR 5%
KA I, BpAS 25 T L L PUASBE 44 N P, )
R [ AUEE] 75% (MY AN b= A —3%
ROLATEANT S o Sl X MR IEE T~ 1) 15
A E S RIS R AT S

iPhone| [ Fi £ | = R R ) T 0 2 | S
| R |0 2 | B RV 5 | 90 T B | A 22 24
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TABLE 2
Sentiment  Precision Relative Recall
Positive 73.2% 14.5%
Negative 89.1% 5.8%
Overall 79.6% 10.2%

H T I8 S0 ) B AT M 5 R, ) TR
PUATAZ AR SCACTAT FHUABE N AR LR 4855 H
[n]2% (absolute recall) fRANELSL . FATT 2
AR 5 Sk ey ECES A SCAS b % 5 s T — AN AR
A1A% (Relative Recall) [fyF845 >k Wil 2 48 %) il
HCH AR I 2 a5 i (1) B R k8 LR B 5 A el % 2.
() I AH B 52 A SCHhE 10.2% AN A R 2
ZRBIERMIERENLER T, MELRED
ZIFRBAE, A EGR T, BT RAL— [+
LREMAMBEATKRE G 4R, TAER
FTE S M 20, N BRI g GET IR
RDGEFEATNC BT AT, FBEFE AR Y )5y



T, BUARDUE T 3] e g v 2 SO B (1 =A%
PO SCRAB R S Th (R P 15 DA b, 32X ANt e 1k
T DCE I IR R (138 5 vl g I iz iy T oeif o
I, PUE R 7 55 1 AR S Rt — 2 Tk
T NAZIE AT AN DR

IV. Sk 30 A S L

RUTHEE R, 77 5 BRI AR 3 (1) 7y & ] LA
ZRUIHT A, JE A% LT RGe A A Af
DLALA LA A RS S &k . B T3 h 3
BRI B2 40 2R 8 N — TR g 2 1 0 73 1 48 )
PRSI AL AT B, Wt R R4
1) ERPR S B . ARSI BRSO A
BNGRREINT S M sCa I e . B, 3
T A0 RGN AE, 2 a2
LA 1 I R AT AL BRI T IE AT o AT 1
PRIR G S22 0 XR S T SRR
TR A B A HE PR RERS 3 S an ] i B 20 B A Y
T SR B A AT AR 1 BRI A2 0

T IR IR o 5 |38 1 R A B T 52 DA R TR

J2 JEHERE R A9 23 B 2K SR 41 AT SR TR V% P BELAY
. 1B R . REE H%
WP CIEVE T 2% (Chinese parser) T2 A& 17 I8
I (sentiment extractor) o iEVE4) *ﬁ%&af
PSR TFAT R (SR B E AR E A
B, Sy EENT, AR ORI S R RV . X R
FRERE AT — B I AE BB N T2 15 X
(A R IR, A4Sl O 8 5 % S0 AW
ik, S1%E I —IE B A BRI (finite state
grammars, Roche and Schabes 1997) il ()45 =X
M FR S (pipeline rule system) 2B, KUK &
S HZER) W, (Silberztein 1999; Hobbs 1993;
Srihari et al. 2006b) .

HSC BT SR AR AT AR SC R EAT A R
(¥))Z Z A UCEL (pattern matching) , FHJZ 4

IR A 20135 — K HIE5 )

T 2R IZ AT, B A ey A I BE UK SR
() f1) ¥2: 45 ¥ B (syntactic dependency tree, Li
1989) . NIl EiEm 1 “/E% iphone [ fans
BH 1 WE 5%

EN” KAEAYEE LS A
BN ENEII TR R TR B s, i 1,

‘(@iredcomp

e ﬁa,,% |ph0ne Ex’] fans s (

( e%credmmp

. |phoneB']fans t’) | n . &g |
mod nder j’;demy

o &Y a8t
'\\Iphone/ l\fani/ | 1)k m Dk B’J

~—

¥ SsiphonerJfansES M2 I ¥k t & EHY

1M1 “4E %y iphone [f) fans WA 2Nt & & 197 K
PEAR R [ DL () B 8 A3k 2 A4 iR T2 BSOS
T BRI BB 1 B Sh B S B A0S
A A SAE A E D R R O T - CRIOE D
A (DHC) KIZ P 1EGr, i 2.

HEABUGIZIR R R TG AT R Ak

Za gl R G S T %4 (back-end indexing
engine) , FH XA A LA R HOHE AR B Bl 3 A A
FHHC . A3 B ANl S B JFUE Y Apache Lucene
AR Z 5| (lucene.apache.org) fAfit. k)G
SRGI AT Map-Reduce HEZE, 4
7 (computing cloud) "' 200 & A4S 85 HE4T 20 A1 1
Rl PR ERA S AR (Y
300 {4 3CR R 40 ZFET) , HERIIRGH
DATE 7 RIEA SE AR 5] 6
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C RsEm D “RA TR 5,

/%Za:\@enouel éf &%\e«mven
#it € ()

édcum}«extuken ﬁr &!Dr

P T
Objec s )
C_DHCERBE/ & O

u ObjQuality o 3%&% =

Object { oHe )
ObjQuality S
(we)

Events

C porene > C ocmmEras > (mm i) >
[ %%EX{GKEH ﬁo—u\nid
C 'a (¥ ) ‘:ﬁ oHe ) ( ‘,r
LOD_I
5
1\ B /’n
B HFDHCRREHE &, BATH, CENTFREDPTIELE, 28 RESFR -

B2 60 G Rl (DHC) % F

W& 744 (front-end app) %1 SaaS i
— PR R N o FH P g ) 28 6 s B
5525, BN BOGER T, N R 55 A0S
Ja B RIIHAT A AE R, RIS A H Rk
Sandt¥t, U A wBAii (configurable)
7 RIS o X — I FE N AT, i B )
(AN = DU#p Um%%ﬁfﬁ% 7298, BE
MEEL, Wit PN=FEMRE G & AR
Chybrid back-offrnodel) s LASK s R B i 2
AN A FH P R it B 0[] 258 P48 PR AN [R] 1 75 3K

V. BIEAEAAIS B

A4 I SRl A S 2 s R 4
NS, BEHIASCIR (ETE A B R Ca
VA 91 < PO AN T St/ S ok 1P L E IS S 12 1
ATHREARTEAE 4 (R R 8 5 R ST U0 D BT 11
or o BATEFEA HELR R [l 1 P 7. 44 N8 ikt (]

TABLE 3 §ifiichiil (Bilag) ABOE A 12415 S

S Fri M AL [ Ay Summary 2012/6/18 - 2013/6/18

T | B M | g | am | OF o | i
S A | 89,126 | -10% 40 | 3,471 | 4,242
B Ay | 31,849 | -22% 40 | 1,100 | 1,714
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&) RS A AE ATz 5, 45501 TABLE 3.
MBENZ Fe b 4% (NET SENTIMENT) K&, Pl
(AL A AR T SR ERAGE, B A5 S 2K H]-22%,
Wt BH D BOGHAR R PP B 2 2 142

Bl TR G T F BOA iy 2 52 52 B LAY S TH B
2 2, S M KRR 4 (R 22 91 A8 /D,
F R MK AR 5L AR S &
17.1%)  ARBRE, =X AR 2 3¢ 2 it
EEE T (18/9%) « HRFSAIG, AT 0 dh A s DL
MBS A, ik 3.
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i

ERENE (4.8% 29)
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B N\ s 7.0%, 42)
|

HRAEMF 18.9% 113)

FH (4.8%, 29)
o BEHAR (4.8%, 29)

H#(5.2% 31)
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WAR (5.5% 33) g
HFER (6.0%, 36) ——

8% (4.8% 29)
EE WA (6.2%,37) 7 \ ERENES (6.9% 41)
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ETHEAR, NMEZ ORI S, &
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FOBMREE sy LI SXRRLO BR TS
AEOBOE B ju AW, FEAR  (aE M
BE BE OB s B8 s Sk HER R
R BE0HE K~ e Ry #

>

R i b0 A I » —TY
ﬁ@égﬁ%’?ﬁm KR TR TR X ARY) SEM R ﬁtﬁf’ﬁ‘ﬁg P
WA @E R Ak &S E Jea M Y SE Nita 4 Jkstia gim P
B phah bnly S un AE REE B EREY B REH i P
RER g pasngson Bl RESRGRR HRIEREE 2L
B8 % R GEALNOENLE BN, [ E Ry LD AL
RE ST = N1 wahm BRI gy
sgmanesHX PRIE A & LR B0, 5008 0
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VI.&E

AR SCHER T A e R i o R — AL A
FHVEI 7V, 4050 A0 i Ak B B A 46 it [ 3
SR J I 45 A% 0o HP S AL J B AT A AL I A 1 BEL A
L A T7 R MR RINAE S T — AL 2% 50
PEME LV A B O, R ILAE =N 5 (D
I B 4 R K40 N S s, R T AR
FRGUME LUSR PR IR o B S s (20 I
Foia ML e T 75 B R SO R A ) v s X
A (3) FIHISE 0 SN0 e 4 v 0L I v vl i
T T B R AR A BT LA R 8 ) . A
RGOt AR T & B o AL AR 2
SAFAE S FIARIE R IRV 2 —Fh, N B
AARINTEAL, AR 2 BT 4 TG T 2% R A it
ATX T E W NLP S FIN o PRAEIX — 7 %8
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