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Abstract

We present Sentiment Analyzer (SA) that extracts senti-
ment (or opinion) about a subject from online text docu-
ments. Instead of classifying the sentiment of an entire doc-
ument about a subject, SA detects all referencesto the given
subject, and determines sentiment in each of the references
using natural language processing (NLP) techniques. Our
sentiment analysis consists of 1) a topic specific feature
term extraction, 2) sentiment extraction, and 3) (subject,
sentiment) association by relationship analysis. SA utilizes
two linguistic resources for the analysis: the sentiment lex-
icon and the sentiment pattern database. The performance
of the algorithms was verified on online product review ar-
ticles (“ digital camera” and “music” reviews), and more
general documents including general webpages and news
articles.

1. Introduction

timations, they can be costly especially if a large volume of
survey data is gathered.

There has been extensive research on automatic text
analysis for sentiment, such as sentiment classifiers[13,
6, 16, 2, 19], affect analysis[17, 21], automatic survey
analysis[8, 16], opinion extraction[12], or recommender
systems [18]. These methods typically try to extract the
overall sentiment revealed in a document, either positive or
negative, or somewhere in between.

Two challenging aspects of sentiment analysis are: First,
although the overall opinion about a topic is useful, it is only
a part of the information of interest. Document level senti-
ment classification fails to detect sentiment about individ-
ual aspects of the topic. In reality, for example, though one
could be generally happy about his car, he might be dissat-
isfied by the engine noise. To the manufacturers, these in-
dividual weaknesses and strengths are equally important to
know, or even more valuable than the overall satisfaction
level of customers.

Second, the association of the extracted sentiment to a

Today, a huge amount of information is available in on- specific topic is difficult. Most statistical opinion extrac-
line documents such as web pages, newsgroup postings, antion algorithms perform poorly in this respect as evidenced
on-line news databases. Among the myriad types of infor- in [3]. They either i) assume the topic of the document is

mation available, one useful type is thatiment, or opin-

ions people express towardssabject. (A subject is either

knowna priori, or ii) simply associate the opinion to a topic

term co-existing in the same context. The first approach re-

a topic of interest or a feature of the topic.) For example, quires a reliableopic or genre classifier that is a difficult

knowing the reputation of their own or their competitors’

problem in itself. A document (or even a portion of a doc-

products or brands is valuable for product development, ument as small as a sentence) may discuss multiple topics
marketing and consumer relationship management. Tradi-and contain sentiment about multiple topics.

tionally, companies conduct consumer surveys for this pur-

For example, consider the following sentences from

pose. Though well-designed surveys can provide quality es-Which ReviewSeer[3] found positive opinions about the

PDA:

*  The author’s work on a portion of the feature term selection algorithm 1. As with every Sony PDA before it, the NR70

development was performed while the author was on summer intern-

ship at IBM Almaden Research Center.

series is equipped with Sony’s own Menory
Stick expansion.



2. Unlike the nore recent _ T series CLIEs, Thiscamera has everything that you need. It takes grgiatures and is very easy to
t he NR70 does not require an add-on

adapter for MP3 pl ayback, which is
certainly a wel cone change.
3. The Menory Stick support in the NR70

use. It has very goodocumentation. Bought 256 MBmemory card and can take a
huge number opictures at the highestesolution. Everyone is amazed at theso-
lution and clarity of thepictures. The results have been excellent fromacro shots
to telephoto nature shots. Manuals andsoftwar e are not easy to follow. GooBat-

series is well inplenented and functional,

al though there is still a lack of non- tery Life 200 on 1GBdrive BestRemote | have seen on angamera. Thebattery
nmenmory Menory Sticks for consuner seems to last forever but you will want a spare anyway. Thelgktin flash | have
consunpti on. seen on any camera. The G2 has endigturesto keep the consumer and pro cre-

ative for some time to come!

Based on our understanding of tReviewSeer algorithm, . . .
Figure 1. Sample digital camera review

we suppose their statistical method (and most other statis-
tical opinion extraction methods) would assign the same
polarity to Sony PDA and T series CLIEs as that e anattribute-of relationship with a known feature of the
of NR70 for the first two sentences. That is wrong for given topic.
T series CLIEs, although right forSony PDA. We
notice that the third sentence reveals a negative aspect of-or the digital camera domain, a feature can kgad of
theNR70 (i.e., the lack of non-memory Memory Sticks) as the camera, such aenses, battery ormenory card;
well as a positive sentiment in the primary phrase. an attribute, such asprice or si ze; or an attribute of

We anticipated the shortcomings of the purely statisti- @ feature, such asbattery |ife (an attribute of feature
cal approaches, and in this paper we show that the anal-battery). Figure 1 is a portion of an actual review arti-
ysis of grammatical sentence structures and phrases basegle fromww. cnet . com The phrases in bold are the fea-
on NLP techniques mitigates some of the shortcomings. We tures we intend to extract. We apply the feature term extrac-

designed and develop&antiment Analyzer (SA) that tion algorithm described in the rest of this section to a set of
documents having the same topic.

e extracts topic-specific features

e extracts sentiment of each sentiment-bearing phrase 2.1, The Candidate Feature Term Salection
o makes (topiffeature, sentiment) association Based on the observation that feature terms are nouns,

SA detects, for each occurrence of a topic spot, the sentj-We extract only noun phreses from QOcuments end ap-
ment specifically about the topic. It produces the follow- ply feature selection algorithms described in Section 2.2.

ing output for the above sample sentences provided thatSpec_ificaIIy, we implemented enetested the following three
Sony PDA, NR70, andT series CLIEs are specified ~Candidate term selection heuristics.

topics: o 2.1.1. Base Noun Phrases (BNP). BNP restricts the can-
= Zg% -PDgo_si |toio\s/:st 've didate feature terms to one of the following base noun
2. T series CLIEs - negative phrase (BNP) pattern&iN, NN NN, JJ NN, NN NN NN,
NR70 - positive JJ NN NN, JJ JJ NN, whereNN and JJ are the part-of-
3. NR70 - positive speech(POS) tags for nouns and adjectives respectively de-

NR70 - negative fined by Penn Treebank[10].

The rest of this paper is organized as follows: Section 2 2.1.2. Definite Base Noun Phrases (dBNP). dBNP fur-
describes the feature term extraction algorithm and reportsther restricts candidate feature terms to definite base noun
the experimental results for feature term selection. Section 3phrases, which are noun phrases of the form defined in Sec-
describes the core sentiment detection algorithms and ex-tion 2.1.1 that are preceded by the definite article “the.”
perimental results. Section 4 summarizes related work andGiven that a documentis focused on a certain topic, the defi-
compares them with our algorithms. Finally, we conclude nite noun phrases referring to topic features do not need any
with a discussion in Section 5. additional constructs such as attached prepositional phrases
or relative clauses, in order for the reader to establish their
referent. Thus, the phrase “the battery,” instead of “the bat-

2. Feature Term Extraction o iy S
o o tery of the digital camera,” is sufficient to infer its referent.
A feature term of a topic is a term that satisfies one of

the following relationships: 2.1.3. Beginning Definite Base Noun Phrases (bBNP).
bBNP refers todBNP at the beginning of sentences followed
by a verb phrase. This heuristic is based on the observation
e anattribute-of relationship with the given topic. that, when the focus shifts from one feature to another, the

e apart-of relationship with the given topic.



new feature is often expressed using a definite noun phrase

at the beginning of the next sentence.

2.2. Feature Selection Algorithms

We developed and tested two feature term selection al-

gorithms based on a mixture language model and likelihood
ratio. They are evaluated in Section 2.3.

2.2.1. Mixture Model. This method is based on the mix-
ture language model by Zhai and Laffertry[23]: they as-
sume that an observed documedhis generated by a mix-
ture of the query model and the corpus language model.

Dy | D
bnp | Cu | Cio
bnp | Co1 | Coao

Table 1. Counts for a bnp [9]

Then, they;’s are given by:
G = {%‘%”i 1=t @
0 otherwise
_ Z:=1 fi
S + % Zle DPi

In our case, we may consider our language model as the 1 f5)0wing feature selection algorithm is the direct re-

mixture (or a linear combination) of the general web lan-
guage modeby, (similar to the corpus language model)
and a topic-specific language model (similar to the query
model):

0 abyw + B0

whereq, 3 are given and sum to & indicates the amount

sult of Equation 1.

Algorithm: For feature term selection, compute, as
follows: .
ollows Li _ag. jf1<i<t
or, = A BT . @)
¢ 0 otherwise
t
Ei:l fi

t
1+ % Zi:1 Ow,

of background noise when generating a document from thé then sort candidate feature terms in decreasing order of

topic-specific modeh, 0y, andf have multinomial distri-
butions,fy, = (9W1 , 9W27 ewk), Or = (9T1 R 9T2; ...ng),
andf = (01,02,...0;), wherek is the number of words
in the corpus. Intuitively, by calculating the topic-specific
model, 87, noise words can be deleted, since the topic-
specific model will concentrate on words occurring fre-
guently in topic-related documents, but less frequently in
the whole corpus. The maximum likelihood estimatof gf

can be calculated directly as:

o _di
w; E]‘dfj

wheredf; is the number of times wordoccurs in the whole
corpus. The problem of findin§r can be generalized as
finding the maximum likelihood estimation of multinomial
distributionf.

Zhang et al.[24] developed arO(klog(k)) algorithm
that computes the exact maximum likelihood estimation
of the multinomial distribution of; in the following mix-
ture model of multinomial distributiong,= (p1, p2, ...pk),
q=(q1,92;-.-qr), andr = (ry,ra, .1y

T

ap + fBq

Let f; be the observed frequency of woidn the docu-
ments that are generated b.ySort% SO thatzf—i > z% >
> If—z Then, findt that satisfies:

BN
at Zj:l Pi  p
3
Z]‘:1 fi fi
B, NtHL
ot Ej:l Pi piga

St

IN

fe1

Or,. Feature terms are those whake score satisfy a pre-
defined confidence level. Alternatively we can simply select
only the topN terms.

2.2.2. Likelihood Test. This method is based on the
likelihood-ratio test by Dunning [4]. LeD ; be a collec-
tion of documents focused on a togic D _ those not fo-
cused onT, andbnp a candidate feature term extracted
from D as defined in Section 2.1. Then, the likelihood ra-
tio —2log ) is defined as follows:

maXp, <py L(p1,p2)

—2logh = —2log
maxp,,py L(p1,p2)
p1 = p(de Dylbnp €d)
p2 = p(d€ Dylbnp € d)

whereL(p1, p2) is the likelihood of seeingnp in both D
andD_.

Assuming that eachnp is a Bernoulli event, the counts
from Table 1 follow a binomial distribution, and the follow-
ing likelihood ratio is asymptotically? distributed.

maxp,, <p, 0(P1, C11, C11 + C12) * b(p2, O21, C21 + C22)

—2logA —2log

maxpq,pg b(P1,C11,C11 + C12) * b(p2, C21, C21 + C22)

where b(p, k,n) =p® . (1 —p)"F
—2xlr ifro<mr
—2logh= . 3
g { 0 if rog > 1r1 ®)
_ Ci1 __ Coq
"= C+Crp 0 "2T Tai+0a

C11+C2
C11+C12+C21+C22

Ir = (C11+Ca21)log(r)+(C12+C22)log(1—r)—C11log(r1)
7012[09(177“1)76‘21lOg(T’z)*szlOg(l*Tz)

r =

The higher the value of2log ), the more likely thénp
is relevant to the topi@".



2 |D_] source Digital Camera | camera, picture, flash, lens, picture quality,

www.cnet.com battery, software, price, battery life, viewfinder,

digital 485 1838 | www.dpreview.com color, feature, image, menu, manual,

camera www.epinions.com, photo, movie, resolution, quality, zoom
www.steves-digicams.cony Music Albums song, album, track, music, piece,

music 250 2389 | www.epinions.com band, lyrics, first movement, second movement, orchesgtra

guitar, final movement, beat, production, chorus
Table 2. The product review datasets first track, mix, third movement, piano, work

Table 4. Top 20 feature terms extracted by bBNP-L
in the order of their rank

digital camera (38)| music (31)

BNP-M 63% 61%

dBNP-M 682/" 322/0 list are more likely to be feature terms. We used the Ratna-

bENP-M 32% 29% parkhi POS tagger[14] to extrabhp's. « = 0.3 was used

BNP-L 68% 92% for the computation of the Mixture Model. (Other values

dBNP-L 810% 962/0 of o were used, which did not produce any better results

bBNP-L o 100% than what are reported here.) The extracted feature terms
Table 3. Precision of feature term extraction algo- were manually examined by two human subjects and only
rithms the terms that both subjects labeled as feature terms were

counted for the computation of the precision.
The precision scores are summarized in TabEBBIP-L
Algorithm: For eachinp, compute the likelihood score, ~ performed impressively well. The Likelihood Test method
—2log), as defined in equation 3. Then, sértp in de- consistently performed better than the Mixture Model algo-
creasing order of their likelihood score. Feature terms are fithm. Its performance continued improving with increas-
all bnp's whose likelihood ratio satisfy a pre-defined confi- ing level of restrictions in the candidate feature terms, per-
dence level. Alternatively simply only the talg bnp's can haps because, with further restriction, the selected candi-

be selected. date terms are more probable feature terms. On the con-
trary, interestingly, the increasing level of restrictions had
2.3. Evaluation the reverse effect with the Mixture Model algorithm. This

might be because the restrictions caused too much pertur-
bation on term distributions for the algorithm to reliably
estimate the multinomial distribution of the topic-specific
model. We need further investigation to explain the behav-
ior.

The top 20 feature terms extracted iBNP-L from the
digital camera and music datasets are listed in Table 4.

2.3.1. The Dataset. We carried out experiments on two
domains: digital camera and music review articles. Each
dataset is a mix of manually labeled topic domain docu-
ments (D) and non-topic domain document® () that

are randomly selected from the web pages collected by our
web-crawl. The datasets are summarized in Table 2.

2.3.2. Experimental Results. We ran the two feature ex-
traction algorithms in six different settings on the product : ;
review datasets: 3. Sentiment Analysis

- BNP-M: Mixture Model with BNP In this section, we describe the linguistic resources used
- dBNP-M: Mixture Model withdBNP by sentiment analysis (3.1), define the scope of sentence
- bBNP-M: Mixture Model with bBBNP structures thaBA is dealing (3.2), sentiment phrase iden-

- BNP-L: Likelihood Test withBNP tification and sentiment assignment (3.3), and relationship
- dBNP-L: Likelihood Test withdBNP analysis (3.4).

- bBNP-L: Likelihood Test withbBNP

First, BNP, dBNPandbBNP were extracted from the review 3-1- Linguistic Resources

pages and the Mixture Model and Likelihood Test were ap-  Sentiment about a subject is the orientation (or po-
plied on the respectivbnp’'s. Terms with likelihood ratio larity) of the opinion on the subject that deviates from
above 0 were extracted fbBNP-L: 38 and 31 featureterms the neutral state. Sentiment that expresses a desir-
for digital camera and music datasets respectively. For theable state (e.g.,The picture is flaw ess.) has

rest of the settings, the thresholding scheme was appliedpositive (or “+") polarity, while one representing an un-
giving the same number of terms (i.e., 38 and 31 respec-desirable state (e.g.The product fails to neet
tively for digital camera and music datasets) at the top of our qual ity expect ati ons. ) hasnegative (or “-") po-

the lists. This thresholding gives the best possible precisionlarity. The target of sentiment is the subject that the sen-
scores for the other settings, since terms on the top of thetiment is directed tot he pi cture andthe product



for the examples aboveSA uses sentiment terms de-
fined in thesentiment lexicon and sentiment patterns in the
sentiment pattern database.

3.1.1. Sentiment Lexicon. The sentiment lexicon con-
tains the sentiment definition of individual words in the
following form:

<l exi cal _entry> <POS> <sent _cat egory>

- |l exi cal _entry is a (possibly multi-word) term that has senti-
mental connotation.
- PCSis the required POS tag bfexi cal
- sentinent_category:+|-
The following is an example of the lexicon entry:
"excellent" JJ +

entry.

We have collected sentiment words from several sources:

General Inquirer (GB, Dictionary of Affect of Language
(DAL)?[21], and WordNet[11]. From Gl, we extracted all
words inPosi tive, Negati ve, andHost i | e categories.

From DAL, we extracted words whose affect scores are one

standard deviation highepdsitive) or lower (hegative) than

the mean. From WordNet, we extracted synonyms of known
sentiment words. At present, we have about 3000 sentiment
term entries including about 2500 adjectives and less than

500 nouns.
3.1.2. Sentiment Pattern Database. Our sentiment pat-

Initially, we collected sentiment verbs from GI, DAL,
and WordNet. For Gl and DAL, the sentiment verb extrac-
tion is the same as the sentiment term extraction as de-
scribed in Section 3.1.1. From WordNet we extracted verbs
from the emotion cluster. From the training datasets de-
scribed in Section 2.3.1, we manually refined some of the
patterns. The refinements typically involve the specification
of sentiment source and target, as the typical egfoini-
tially introduced was the association of the discovered sen-
timent to a wrong target. Currently, we have about 120 sen-
timent predicate patterns in the database.

3.2. Scope of Sentiment Analysis

As a preprocessing step to our sentiment analysis, we
extract sentences from input documents containing men-
tions of subject terms of interest. The®\ applies senti-
ment analysis tdkernel sentences [7] and some text frag-
ments. Kernel sentences usually contain only one verb. For
kernel sentence§A extracts the following types dérnary
expressions (T-expressions)[7]:

e positiveornegati ve sentiment verbs:

<target, verb, "">
e trans verbs:
<target, verb, source>

tern database contains sentiment extraction patterns for sen he following illustratesT-expressions of given sentences:

tence predicates. The database entry is defined in the follow-

ing form:

<predi cat e> <sent_cat egory> <tar get >
e predi cat e: typically a verb
e sent _category:+|-|["]source

sour ce is a sentence componersR|OP|CP|PP) whose
sentiment is transferred to thear get . SP, OP, CP, and

PP represent subject, object, complement (or adjective), and

<the canera, |ike, "">
ex. | like the canera.

<the digital zoom be, too grainy>
ex. The digital zoomis too grainy.

For text fragmentsSA extractsbinary expressions (B-
EXPressions),
<adj ective, target>

ex. good quality photo : <good quality, photo>

prepositional phrases, respectively. The opposite sentiment

polarity of sour ce is assigned to the target,’if is speci-
fied in front ofsour ce.

e target isasentence compone8R| OP|PP) the sentiment
is directed to.

Some verbs have positive or negative sentiment by them-

selves, but some verbs (we call thérans verb), such as

3.3. Sentiment Phrasesand Sentiment Assignment

After parsing each input sentence by a syntactic parser,
SAidentifies sentiment phrases from subject, object, adjec-
tive, and prepositional phrases of the sentence.

Adjective phrases. Within the phrase, we identify all sen-

“be” or “offer”, do not. The sentiment of a subject in a sen- timent adjectives defined in the sentiment lexicon. For ex-

tence with @ransverb is determined by another component @mple,vi brant is positive sentiment phrase for the sen-
of the sentence. Some example sentiment patterns and serf€Nce€ The colors are vibrant.”

tences matching with them are:
impress + PP(by; with)
| aminpressed by the picture quality.
be CP SP
The colors are vibrant.
of fer OP SP
I BM of fers high quality products.
| BM of fers nedi ocre services.

1 http://www.wjh.harvard.edw/inquirer/
2 http://www.hdcus.com

Subject, object and prepositional phrases: We extract all
base noun phrases of the forms defined in Section 2.1.1 that
consist of at least one sentiment word. The sentiment of the
phrase is determined by the sentiment words in the phrase.
For exampleexcel | ent pi ctures (JJ NN)is a positive
sentiment phrase becauseel | ent (JJ)is a positive sen-
timent word. For a sentiment phrase with a word with nega-
tive meaning, such asot ,no, never, hardl y, sel dom or
l'ittle,the polarity of the sentiment is reversed.



3.4. Semantic Relationship Analysis

Precision| Recall | Accuracy
SA extractsT- andB-expressions in order to make (sub- SA 87% 56% 85.6%
ject, sentiment) association. Frori-&xpression, sentiment Collocation 18% 70% N/A
of theverb (for sentiment verbs) asource (for trans verb), ReviewSeer N/A N/A 88.4%
and from aB-expression, sentiment of thedjective, is as-

Table 5. Performance comparison of senti-

ment extraction alorithms on the product review
3.4.1. Sentiment Pattern based Analysis. For each senti- datasets.

ment phrase detected (Section 3y determines itsarget
and final polarity based on the sentiment pattern database

signed to thearget.

(Section 3.1.2)SAfirst identifies thel-expression, and tries wrong spelling, etc.

to find matching sentiment patterns. Once a matching senti-Examples of fragments containing sentiment are:
ment pattern is found, tharget and sentiment assignment Poor performance in a dark room (1)
are determined as defined in the sentiment pattern. Many functionalities for the price. (2)

Some sentiment patterns define thmet and its senti- SA createsB-expressions and makes the sentiment as-
ment explicitly. Suppose the following sentence, sentiment signment on the basis of the phrase sentiment. The
pattern, and subject is given: B-expressions and sentiment associations of sentences (1)

I aminpressed by the flash capabilities. and (2) are:
pattern : "inpress" + PP(by;w th) (1%)<poor, performance> : (perfornance, -)

subject : flash (28)<many, functionality> : (functionaliry, +)

SA first identifies the T-expression of the sentence: ]

<flash capability, inpress, ""> 3.5. Evaluation
and directly infers that thearget (PP lead by “by” or For experiments, we used the Taleshallow parser for
“with”), the flash capabilities, has positive senti- sentence parsing, al@8NP-L for feature extraction.

ment:(f1ash capability, +). 3.5.1. Product Review Dataset. We ranSA on the review

For sentences with tans verb, SA first determines the . . . .
sentiment ofsource, and assigns the sentiment to tiae- article datasets (Section 2.3.1). The review articles are a

get. For example, for the following sentence and the given SPecial class of web documents that typically have a high
subject terntaner a: percentage of sentiment-bearing sentences. For each sub-

ject term, we manually assigned the sentiment. Then, we

Thi's camera takes excellent pictures. ran SA for each sentence with a subject term and com-

SAfirst parses the sentence and identifies: pared the computed sentiment label with the manual label
- matching sentiment patters* t ake" OP SP> to compute the accuracy. The result is compared with the
- subject phraseSP): t hi s canera collocation algorithm and the best performing algorithm of
- object phrase@P) : excel | ent pictures ReviewSeer[3]. To our knowledgeReviewSeer is by far the
- sentiment of théP: posi ti ve latest and the best opinion classifier. The collocation algo-

-T-expression: <camer a, take, excellent picture> rithm assigns the polarity of a sentiment term to a subject
From this information,SA infers that the sentiment of term, if the sentiment term and the subject term exist in the
source (OP) is positive, and associates positive senti- same sentence. If positive and negative sentiment terms co-

ment to thearget (SP): (canera, +). exist, the polarity with more counts is selected.

During the semantic relationship analysiSi takes The overall precision and recall 8A are 87% and 56%,
negation into account at the sentence level: if an ad- respectively (Table 5). The accuracy of the best perform-
verb with negative meaning (suchmst , never, hardly,  ing algorithm of ReviewSeer is 88.4% (vs. 85.6% 0SA).

seldom or little) appears in a verb phras&A re-
verses the sentiment of the sentence assigned by th
corresponding sentiment pattern. For exam#4, de-
tects negative polarity from the following sentence:

The precision of the Collocation algorithm is significantly
‘?ower, only 18%, as expected, with high recall of 70%.
Although the results provide a rough comparison, they
are not directly comparable. First, the test datasets are not
This canera is not good for novice users. the same. Although bot®A andReviewSeer use product re-
3.4.2. Analysis without Sentiment Pattern. There are  View articles, the actual datasets are not identical. (We are
many cases where sentiment pattern based analysis is nd?ot aware of any benchmark dataset for sentiment classifi-
possible. Common cases include: cation for evaluation purposes.) They have combined more
- No corresponding sentiment pattern is available. categories (7 categories vs. 2 categoriesS®y. Secondly,
- The sentence is not complete.
- Parser failure, possibly due to missing punctuation, 3 http://flahdo.watson.ibm.com/Talent/talgmoject.htm




tive or negative sentences about the given subject. The set

Precision| Accuracy AIC;'aVSVS/O of difficult testing cases eliminated (callédlass) include
SA(Petroleum, Web) 86% 90% N/A sente.nces that were a.m_blguous when takf:n out.of context
SA(Pharmaceutical, Web) ~ 91% 93% N/A (casei), were not describing the producséeii), or did not
SA(Petroleum, News) 88% 91% N/A express any sentiment at atbgeiii).
ReviewSeer (Web) N/A 38% 68% The challenge here is that these difficult cases are the ma-
_ jority of the sentences that any sentiment classifier has to
Table 6. The performance of SA and ReviewSeer on deal with: 60% (356 out of 600) of the test cases forRee
general web documents and news articles. viewSeer experiment and even more (as high as over 90% on

some domain) in our experimen@asei is difficult for any

sentiment classifier. We beliewase ii is where the purely

ReviewSeer is a document level sentiment classifier, while statistical methods do not perform well and sophisticated

SAis per subject-spot level. ThiréReviewSeer does not try NLP can helpSA tries to solve the (subject, sentiment) as-

to do subject association. sociation problentase ii by the relationship analysi§A
ReviewSeer might have produced better accuracy with handles the neutral casiésalready very well as discussed

fewer categories. On the other hand, since they do not try earlier.

(subject, sentiment) association, their accuracy is not af- 4 previous Work

fected by the potential association error, wtghs is. That

is, even thouglBA extracts sentiment polarity accurately, ‘ [1] deSC”F’es a proceqlure that aims at extréacpag-of. ional
we consider it a failure if the (subject, sentiment) associa- '€atUres, using possessive constructions and prepositiona

tion is made wrong. It is not clear how much the subject PNfases, from news corpus. By contrast, we extract both

association would impa®eviewSeer's accuracy. However, ~ Part-of andatiribute-of relations.

the experimental results on general web documents (Sec- >°Me Of the previous works on sentiment-based classifi-
tion 3.5.2) reveal how much subject association error de- cation focused on classifying the semantic orientation of in-

; ; dividual words or phrases, using linguistic heuristics, a pre-
rades, at least partially, the accuracyRefiewSeer. )
g P Y selected set of seed words, or by human labeling [5, 21]. [5]

3.5.2. General Web Documents. Sentiment expressions developed an algorithm for automatically recognizing the
in general Web documents are typically very sparse in com- semantic orientation of adjectives. [22] identifsethjective
parison to the review articles. This characteristic of general adjectives (or sentiment adjectives) from corpora.
web documents may work against a document level clas- Past work on sentiment-based categorization of entire
sifier as there might not be enough sentiment-bearing ex-documents has often involved either the use of models in-
pressions in a document to classify the entire document asspired by cognitive linguistics [6, 16] or the manual or semi-
sentiment-bearing. manual construction of discriminant-word lexicons [2, 19].
In order to mitigate the problerReviewSeer applied the [6] proposed a sentence interpretation model that attempts
algorithm on the individual sentences with a subject word. to answer directional queries based on the deep argumenta-
This makes the comparison wig on more equal ground. tive structure of the document, but with no implementation
Table 6 lists the results. detail or any experimental results. [13] compares three ma-
SA achieves high precision (86% 91%) and even  chine learning methods (Naive Bayes, maximum entropy
higher accuracy (90% 93%) on general Web documents classification, and SVM) for sentiment classification task.
and news articles. The precision ® was computed only  [20] used the average “semantic orientation” of the phrases
on the test cases th&A extracted as eithepositive or in the review. [15] analysed emotional affect of various cor-
negative, but did not includeneutral cases. The accu- pora computed as average of affect scores of individual af-
racy of SA included theneutral cases as well, as did fectterms in the articles. The sentiment classifiers often as-
ReviewSeer’s. The accuracy oA is higher than the pre- sumes 1) each document has only one subject, and 2) the
cision, because the majority of the test cases do not havesubject of each document is known. However, these as-
any sentiment expression, aB4 correctly classifies most  sumptions are often not true, especially for web documents.
of them as neutral. Moreover, even if the assumptions are met, sentiment clas-
On the contraryReviewSeer suffered with sentences sifiers are unable to reveal the sentiment about individual
from general web documents: the accuracy is only 38% features, unlikesA.
(down from 88.4%). (The accuracy is computed based on  Product Reputation Miner [12] extracts positive or neg-
the figures from Table 14 of [3]: we have averaged the accu- ative opinions based on a dictionary. Then it extracts
racies of the three equal-size groups of a test set, 21%, 42%characteristic words, co-occurrence words, and typical sen-
& 50%, respectively.) The accuracy was improved to 68% tences for individual target categories. For each character-
after removing difficult cases and using only clearly posi- istic word or phrase they compute frequently co-occurring




terms. However, their association of characteristic terms [6] M. Hearst. Direction-based text interpretation as an informa-

and co-occurring terms does not necessarily mean rel- tion access refinemeriext-Based I ntelligent Systems, 1992.
evant opinion as was seen in collocation experiments. [7] B.Katz. From sentence processing to information access on
In contrast, our NLP based relationship analysis asso- the world wide web. IrProc. of AAAI Spring Symp. on NLP,
ciates subjects to the corresponding sentiments. 1997.

ReviewSeer [3] is a document level opinion classifier that ~ [8] H. Liand K. Yamanishi. Mining from open answers in ques-
uses mainly statistical techniques and some POS tagging in- _ tionnaire data. Iroc. of the 7th ACM SIGKDD Conf., 2001.
formation for some of their text term selection algorithms. [9 C- Manning and H. Schutzézoundations of Satistical Nat-

It achieved high accuracy on review articles. However, the ural Language Processing. MIT Press, 1999. _
performance sharply degrades when applied to SentenceélO] M P. Marcus, B. Santorini, and M. A. l\_/lar'cmklercz. Build-
with subject terms from the general web documents. In con- 'ggma Lll?;ggnzlnt?r:afﬁ;iggrfg Slgggng“Sh' the penn treebank.
trast, SA continued to perform with high accuracy. Unlike P g . '

. . 11] G. A. Miller. Nouns in WordNe : A lexi-
ReviewSeer, SA handles the neutral cases and subject asso- cal inheritance system. Int. J of Lexicogra-
ciation very well. In fact, the relationship analysis{was phy, 2(4):245-264, 1990. Also available from
designed for these kinds of difficult cases. ftp://ftp.cogsci.princeton.edu/pub/wordnet/5papers.ps.

[12] S. Morinaga, K. Yamanishi, K. Teteishi, and T. Fukushima.

5. Discussion and Future Work Mining product reputations on the web. Rroc. of the 8th

We applied NLP techniques to sentiment analy- ACM SIGKDD Conf., 2002.
sis. The feature extraction algorithm successfully identi- [13] B. Pang, L. Lee, and S. Vaithyanathan. Thumbs up? sen-
fied topic related feature terms from online review articles, timent classification using machine learning techniques. In
enabling sentiment analysis at finer granular@ con- Proc. of the 2002 ACL EMNLP Conf., pages 79-86, 2002.
sistently demonstrated high quality results of 87% for [14] A. Ratnaparkhi. A maximum entropy model for part-of-
review articles, 86~ 91% (precision) and 94 93% (accu- ig‘;eiggzgging- IRroc. of the EMNLP Conf., pages 133—

racy) for the general web pages and news articles. The re-
sults on review articles are comparable with the state
of the art sentiment classifiers, and the results on gen-
eral web pages are better than those of the state of the ar
algorithms by a wide margin (38% vs. 8193%).

However, from our initial experience with sentiment de- [17] P. Subasic and A. Huettner. Affect analysis of text using

tection, we have identified a few areas of potentially sub- fuzzy semantic typingl EEE Trans. on Fuzzy Systems, Spe-
stantial improvements. We expect full parsing will provide cial Issue, Aug., 2001.

better sentence structure analysis, thus better relationshimg] L. Terveen, W. Hill, B. Amento, D. McDonald, and J. Creter.
analysis. Second, more advanced sentiment patterns cur-  PHOAKS: A system for sharing recommendatio@ACM,

[15] L.Rovinelliand C. Whissell. Emotion and style in 30-second
television advertisements targeted at men, women, boys, and
girls. Perceptual and Motor ills, 86:1048—-1050, 1998.

[16] W. Sack. On the computation of point of view. Rroc. of
the 12th AAAI Conf., 1994.

rently require a fair amount of manual validation. Although 40(3):59-62, 1997.

some amount of human expert involvement may be in- [19] R. M. Tong. An operational system for detecting and track-

evitable in the validation to handle the semantics accurately, ing opinions in on-line discussion. I8GIR Workshop on

we plan on more research on increasing the level of automa-  Operational Text Classification, 2001.

tion. [20] P.D. Turney. Thumbs up or thumbs down? semantic orien-
tation applied to unsupervised classification of reviews. In
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