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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 references to 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
Today, a huge amount of information is available in on-

line documents such as web pages, newsgroup postings, and
on-line news databases. Among the myriad types of infor-
mation available, one useful type is thesentiment, or opin-
ions people express towards asubject. (A subject is either
a topic of interest or a feature of the topic.) For example,
knowing the reputation of their own or their competitors’
products or brands is valuable for product development,
marketing and consumer relationship management. Tradi-
tionally, companies conduct consumer surveys for this pur-
pose. Though well-designed surveys can provide quality es-

∗ The author’s work on a portion of the feature term selection algorithm
development was performed while the author was on summer intern-
ship at IBM Almaden Research Center.

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
specific topic is difficult. Most statistical opinion extrac-
tion algorithms perform poorly in this respect as evidenced
in [3]. They either i) assume the topic of the document is
knowna priori, or ii) simply associate the opinion to a topic
term co-existing in the same context. The first approach re-
quires a reliabletopic or genre classifier that is a difficult
problem in itself. A document (or even a portion of a doc-
ument as small as a sentence) may discuss multiple topics
and contain sentiment about multiple topics.

For example, consider the following sentences from
which ReviewSeer[3] found positive opinions about the
NR70 PDA:

1. As with every Sony PDA before it, the NR70
series is equipped with Sony’s own Memory
Stick expansion.



2. Unlike the more recent T series CLIEs,
the NR70 does not require an add-on
adapter for MP3 playback, which is
certainly a welcome change.

3. The Memory Stick support in the NR70
series is well implemented and functional,
although there is still a lack of non-
memory Memory Sticks for consumer
consumption.

Based on our understanding of theReviewSeer algorithm,
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
of NR70 for the first two sentences. That is wrong for
T series CLIEs, although right forSony PDA. We
notice that the third sentence reveals a negative aspect of
theNR70 (i.e., the lack of non-memory Memory Sticks) as
well as a positive sentiment in the primary phrase.

We anticipated the shortcomings of the purely statisti-
cal approaches, and in this paper we show that the anal-
ysis of grammatical sentence structures and phrases based
on NLP techniques mitigates some of the shortcomings. We
designed and developedSentiment Analyzer (SA) that

• extracts topic-specific features

• extracts sentiment of each sentiment-bearing phrase

• makes (topic|feature, sentiment) association

SA detects, for each occurrence of a topic spot, the senti-
ment specifically about the topic. It produces the follow-
ing output for the above sample sentences provided that
Sony PDA, NR70, andT series CLIEs are specified
topics:

1. Sony PDA - positive
NR70 - positive

2. T series CLIEs - negative
NR70 - positive

3. NR70 - positive
NR70 - negative

The rest of this paper is organized as follows: Section 2
describes the feature term extraction algorithm and reports
the experimental results for feature term selection. Section 3
describes the core sentiment detection algorithms and ex-
perimental results. Section 4 summarizes related work and
compares them with our algorithms. Finally, we conclude
with a discussion in Section 5.

2. Feature Term Extraction
A feature term of a topic is a term that satisfies one of

the following relationships:

• apart-of relationship with the given topic.

• anattribute-of relationship with the given topic.

Thiscamera has everything that you need. It takes greatpictures and is very easy to

use. It has very gooddocumentation. Bought 256 MBmemory card and can take a

huge number ofpictures at the highestresolution. Everyone is amazed at thereso-

lution and clarity of thepictures. The results have been excellent frommacro shots

to telephoto nature shots. Manuals andsoftware are not easy to follow. GoodBat-

tery Life 200 on 1GBdrive BestRemote I have seen on anycamera. Thebattery

seems to last forever but you will want a spare anyway. The bestbuilt in flash I have

seen on any camera. The G2 has enoughfeatures to keep the consumer and pro cre-

ative for some time to come!

Figure 1. Sample digital camera review

• anattribute-of relationship with a known feature of the
given topic.

For the digital camera domain, a feature can be apart of
the camera, such aslenses, battery or memory card;
an attribute, such asprice or size; or an attribute of
a feature, such asbattery life (an attribute of feature
battery). Figure 1 is a portion of an actual review arti-
cle fromwww.cnet.com. The phrases in bold are the fea-
tures we intend to extract. We apply the feature term extrac-
tion algorithm described in the rest of this section to a set of
documents having the same topic.

2.1. The Candidate Feature Term Selection

Based on the observation that feature terms are nouns,
we extract only noun phrases from documents and ap-
ply feature selection algorithms described in Section 2.2.
Specifically, we implemented and tested the following three
candidate term selection heuristics.

2.1.1. Base Noun Phrases (BNP). BNP restricts the can-
didate feature terms to one of the following base noun
phrase (BNP) patterns:NN, NN NN, JJ NN, NN NN NN,
JJ NN NN, JJ JJ NN, whereNN and JJ are the part-of-
speech(POS) tags for nouns and adjectives respectively de-
fined by Penn Treebank[10].

2.1.2. Definite Base Noun Phrases (dBNP). dBNP fur-
ther restricts candidate feature terms to definite base noun
phrases, which are noun phrases of the form defined in Sec-
tion 2.1.1 that are preceded by the definite article “the.”
Given that a document is focused on a certain topic, the defi-
nite noun phrases referring to topic features do not need any
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-
tery of the digital camera,” is sufficient to infer its referent.

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
that, when the focus shifts from one feature to another, the



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 documentsd is generated by a mix-
ture of the query model and the corpus language model.
In our case, we may consider our language model as the
mixture (or a linear combination) of the general web lan-
guage modelθW (similar to the corpus language model)
and a topic-specific language modelθT (similar to the query
model):

θ = αθW + βθT

whereα, β are given and sum to 1.α indicates the amount
of background noise when generating a document from the
topic-specific model.θ, θW andθT have multinomial distri-
butions,θW = (θW1 , θW2 , ...θWk

), θT = (θT1 , θT2 , ...θTk
),

and θ = (θ1, θ2, ...θk), wherek is the number of words
in the corpus. Intuitively, by calculating the topic-specific
model, θT , noise words can be deleted, since the topic-
specific model will concentrate on words occurring fre-
quently in topic-related documents, but less frequently in
the whole corpus. The maximum likelihood estimator ofθW

can be calculated directly as:

ˆθWi
=

dfi∑
j
dfj

wheredfi is the number of times wordi occurs in the whole
corpus. The problem of findingθT can be generalized as
finding the maximum likelihood estimation of multinomial
distributionθT .

Zhang et al.[24] developed anO(klog(k)) algorithm
that computes the exact maximum likelihood estimation
of the multinomial distribution ofq in the following mix-
ture model of multinomial distributions,p = (p1, p2, ...pk),
q = (q1, q2, ...qk), andr = (r1, r2, ...rk):

r = αp + βq

Let fi be the observed frequency of wordi in the docu-
ments that are generated byr. Sort pi

fi
so thatf1

p1
> f2

p2
>

... > fk

pk
. Then, findt that satisfies:

β
α

+
∑t

j=1
pj∑t

j=1
fj

− pt

ft
> 0

β
α

+
∑t+1

j=1
pj∑t+1

j=1
fj

− pt+1

ft+1
≤ 0

D+ D−
bnp C11 C12

bnp C21 C22

Table 1. Counts for a bnp [9]

Then, theqi’s are given by:

qi =

{
fi
λ

− α
β

pi if 1 ≤ i ≤ t

0 otherwise
(1)

λ =

∑t

i=1
fi

1 + α
β

∑t

i=1
pi

The following feature selection algorithm is the direct re-
sult of Equation 1.

Algorithm: For feature term selection, computeθTi as
follows:

θTi
=

{
fi
λ

− α
β

θWi
if 1 ≤ i ≤ t

0 otherwise
(2)

λ =

∑t

i=1
fi

1 + α
β

∑t

i=1
θWi

Then sort candidate feature terms in decreasing order of
θTi . Feature terms are those whoseθTi 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]. LetD+ be a collec-
tion of documents focused on a topicT , D− those not fo-
cused onT , and bnp a candidate feature term extracted
from D+ as defined in Section 2.1. Then, the likelihood ra-
tio −2logλ is defined as follows:

−2logλ = −2log
maxp1≤p2 L(p1, p2)

maxp1,p2 L(p1, p2)
p1 = p(d ∈ D+|bnp ∈ d)

p2 = p(d ∈ D+|bnp ∈ d)

whereL(p1, p2) is the likelihood of seeingbnp in bothD+

andD−.
Assuming that eachbnp is a Bernoulli event, the counts

from Table 1 follow a binomial distribution, and the follow-
ing likelihood ratio is asymptoticallyχ2 distributed.

−2logλ = −2log
maxp1≤p2

b(p1, C11, C11 + C12) ∗ b(p2, C21, C21 + C22)

maxp1,p2 b(p1, C11, C11 + C12) ∗ b(p2, C21, C21 + C22)

where b(p, k, n) = p
k · (1 − p)n−k

−2logλ=

{ −2 ∗ lr if r2 < r1

0 if r2 ≥ r1
(3)

r1 =
C11

C11+C12
, r2=

C21
C21+C22

r =
C11+C21

C11+C12+C21+C22

lr = (C11+C21)log(r)+(C12+C22)log(1−r)−C11log(r1)

−C12log(1−r1)−C21log(r2)−C22log(1−r2)

The higher the value of−2logλ, the more likely thebnp
is relevant to the topicT .



|D+| |D−| source
www.cnet.com

digital 485 1838 www.dpreview.com
camera www.epinions.com,

www.steves-digicams.com
music 250 2389 www.epinions.com

Table 2. The product review datasets

digital camera (38) music (31)
BNP-M 63% 61%

dBNP-M 68% 32%
bBNP-M 32% 29%

BNP-L 68% 92%
dBNP-L 81% 96%
bBNP-L 97% 100%

Table 3. Precision of feature term extraction algo-
rithms

Algorithm: For eachbnp, compute the likelihood score,
−2logλ, as defined in equation 3. Then, sortbnp in de-
creasing order of their likelihood score. Feature terms are
all bnp’s whose likelihood ratio satisfy a pre-defined confi-
dence level. Alternatively simply only the topN bnp’s can
be selected.

2.3. Evaluation
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 documents (D−) 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:

- BNP-M: Mixture Model withBNP
- dBNP-M: Mixture Model withdBNP
- bBNP-M: Mixture Model withbBNP
- BNP-L: Likelihood Test withBNP
- dBNP-L: Likelihood Test withdBNP
- bBNP-L: Likelihood Test withbBNP

First,BNP, dBNPandbBNP were extracted from the review
pages and the Mixture Model and Likelihood Test were ap-
plied on the respectivebnp’s. Terms with likelihood ratio
above 0 were extracted forbBNP-L: 38 and 31 feature terms
for digital camera and music datasets respectively. For the
rest of the settings, the thresholding scheme was applied
giving the same number of terms (i.e., 38 and 31 respec-
tively for digital camera and music datasets) at the top of
the lists. This thresholding gives the best possible precision
scores for the other settings, since terms on the top of the

Digital Camera camera, picture, flash, lens, picture quality,
battery, software, price, battery life, viewfinder,
color, feature, image, menu, manual,
photo, movie, resolution, quality, zoom

Music Albums song, album, track, music, piece,
band, lyrics, first movement, second movement, orchestra
guitar, final movement, beat, production, chorus
first track, mix, third movement, piano, work

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

list are more likely to be feature terms. We used the Ratna-
parkhi POS tagger[14] to extractbnp’s. α = 0.3 was used
for the computation of the Mixture Model. (Other values
of α were used, which did not produce any better results
than what are reported here.) The extracted feature terms
were manually examined by two human subjects and only
the terms that both subjects labeled as feature terms were
counted for the computation of the precision.

The precision scores are summarized in Table 3.bBNP-L
performed impressively well. The Likelihood Test method
consistently performed better than the Mixture Model algo-
rithm. Its performance continued improving with increas-
ing level of restrictions in the candidate feature terms, per-
haps because, with further restriction, the selected candi-
date terms are more probable feature terms. On the con-
trary, interestingly, the increasing level of restrictions had
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 bybBNP-L from the
digital camera and music datasets are listed in Table 4.

3. Sentiment Analysis
In this section, we describe the linguistic resources used

by sentiment analysis (3.1), define the scope of sentence
structures thatSA is dealing (3.2), sentiment phrase iden-
tification and sentiment assignment (3.3), and relationship
analysis (3.4).

3.1. Linguistic Resources
Sentiment about a subject is the orientation (or po-

larity) of the opinion on the subject that deviates from
the neutral state. Sentiment that expresses a desir-
able state (e.g.,The picture is flawless.) has
positive (or “+”) polarity, while one representing an un-
desirable state (e.g.,The product fails to meet

our quality expectations.) hasnegative (or “-”) po-
larity. The target of sentiment is the subject that the sen-
timent is directed to:the picture and the product



for the examples above.SA 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:

<lexical_entry> <POS> <sent_category>

- lexical_entry is a (possibly multi-word) term that has senti-
mental connotation.

- POS is the required POS tag oflexical entry.
- sentiment_category : + | -

The following is an example of the lexicon entry:
"excellent" JJ +

We have collected sentiment words from several sources:
General Inquirer (GI)1, Dictionary of Affect of Language
(DAL) 2[21], and WordNet[11]. From GI, we extracted all
words inPositive, Negative, andHostile categories.
From DAL, we extracted words whose affect scores are one
standard deviation higher (positive) or lower (negative) 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-
tern database contains sentiment extraction patterns for sen-
tence predicates. The database entry is defined in the follow-
ing form:

<predicate> <sent_category> <target>

• predicate: typically a verb
• sent_category: + | - | [˜]source
source is a sentence component (SP|OP|CP|PP) whose
sentiment is transferred to thetarget. SP, OP, CP, and
PP represent subject, object, complement (or adjective), and
prepositional phrases, respectively. The opposite sentiment
polarity of source is assigned to the target, if̃ is speci-
fied in front ofsource.

• target is a sentence component (SP| OP|PP) the sentiment
is directed to.

Some verbs have positive or negative sentiment by them-
selves, but some verbs (we call themtrans verb), such as
“be” or “offer”, do not. The sentiment of a subject in a sen-
tence with atrans verb is determined by another component
of the sentence. Some example sentiment patterns and sen-
tences matching with them are:
impress + PP(by;with)

I am impressed by the picture quality.
be CP SP

The colors are vibrant.
offer OP SP

IBM offers high quality products.
IBM offers mediocre services.

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

Initially, we collected sentiment verbs from GI, DAL,
and WordNet. For GI 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 errorSA ini-
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. Then,SA applies senti-
ment analysis tokernel sentences [7] and some text frag-
ments. Kernel sentences usually contain only one verb. For
kernel sentences,SA extracts the following types ofternary
expressions (T-expressions)[7]:

• positive or negative sentiment verbs:
<target, verb, "">

• trans verbs:
<target, verb, source>

The following illustratesT-expressions of given sentences:
<the camera, like, "">

ex. I like the camera.
<the digital zoom, be, too grainy>

ex. The digital zoom is too grainy.

For text fragments,SA extractsbinary expressions (B-
expressions),

<adjective, target>

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

3.3. Sentiment Phrases and Sentiment Assignment

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

Adjective phrases: Within the phrase, we identify all sen-
timent adjectives defined in the sentiment lexicon. For ex-
ample,vibrant is positive sentiment phrase for the sen-
tence“The colors are vibrant.”

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 example,excellent pictures (JJ NN) is a positive
sentiment phrase becauseexcellent (JJ) is a positive sen-
timent word. For a sentiment phrase with a word with nega-
tive meaning, such asnot,no, never, hardly, seldom, or
little, the polarity of the sentiment is reversed.



3.4. Semantic Relationship Analysis
SA extractsT- andB-expressions in order to make (sub-

ject, sentiment) association. From aT-expression, sentiment
of theverb (for sentiment verbs) orsource (for trans verb),
and from aB-expression, sentiment of theadjective, is as-
signed to thetarget.

3.4.1. Sentiment Pattern based Analysis. For each senti-
ment phrase detected (Section 3.3),SA determines itstarget
and final polarity based on the sentiment pattern database
(Section 3.1.2).SA first identifies theT-expression, and tries
to find matching sentiment patterns. Once a matching senti-
ment pattern is found, thetarget and sentiment assignment
are determined as defined in the sentiment pattern.

Some sentiment patterns define thetarget and its senti-
ment explicitly. Suppose the following sentence, sentiment
pattern, and subject is given:

I am impressed by the flash capabilities.
pattern : "impress" + PP(by;with)
subject : flash

SA first identifies the T-expression of the sentence:
<flash capability, impress, "">

and directly infers that thetarget (PP lead by “by” or
“with”), the flash capabilities, has positive senti-
ment:(flash capability, +).

For sentences with atrans verb,SA first determines the
sentiment ofsource, and assigns the sentiment to thetar-
get. For example, for the following sentence and the given
subject termcamera:

This camera takes excellent pictures.

SA first parses the sentence and identifies:
- matching sentiment pattern:<"take" OP SP>

- subject phrase (SP): this camera

- object phrase (OP) : excellent pictures

- sentiment of theOP: positive
- T-expression : <camera, take, excellent picture>

From this information,SA infers that the sentiment of
source (OP) is positive, and associates positive senti-
ment to thetarget (SP): (camera, +).

During the semantic relationship analysis,SA takes
negation into account at the sentence level: if an ad-
verb with negative meaning (such asnot, never, hardly,
seldom, or little) appears in a verb phrase,SA re-
verses the sentiment of the sentence assigned by the
corresponding sentiment pattern. For example,SA de-
tects negative polarity from the following sentence:

This camera is not good for novice users.

3.4.2. Analysis without Sentiment Pattern. There are
many cases where sentiment pattern based analysis is not
possible. Common cases include:

- No corresponding sentiment pattern is available.
- The sentence is not complete.
- Parser failure, possibly due to missing punctuation,

Precision Recall Accuracy
SA 87% 56% 85.6%
Collocation 18% 70% N/A
ReviewSeer N/A N/A 88.4%

Table 5. Performance comparison of senti-
ment extraction alorithms on the product review
datasets.

wrong spelling, etc.
Examples of fragments containing sentiment are:

Poor performance in a dark room. (1)

Many functionalities for the price. (2)

SA createsB-expressions and makes the sentiment as-
signment on the basis of the phrase sentiment. The
B-expressions and sentiment associations of sentences (1)
and (2) are:
(1B) <poor, performance> : (performance, -)

(2B) <many, functionality> : (functionaliry, +)

3.5. Evaluation
For experiments, we used the Talent3 shallow parser for

sentence parsing, andbBNP-L for feature extraction.

3.5.1. Product Review Dataset. We ranSA on the review
article datasets (Section 2.3.1). The review articles are a
special class of web documents that typically have a high
percentage of sentiment-bearing sentences. For each sub-
ject term, we manually assigned the sentiment. Then, we
ran SA for each sentence with a subject term and com-
pared the computed sentiment label with the manual label
to compute the accuracy. The result is compared with the
collocation algorithm and the best performing algorithm of
ReviewSeer[3]. To our knowledge,ReviewSeer is by far the
latest and the best opinion classifier. The collocation algo-
rithm assigns the polarity of a sentiment term to a subject
term, if the sentiment term and the subject term exist in the
same sentence. If positive and negative sentiment terms co-
exist, the polarity with more counts is selected.

The overall precision and recall ofSA are 87% and 56%,
respectively (Table 5). The accuracy of the best perform-
ing algorithm ofReviewSeer is 88.4% (vs. 85.6% ofSA).
The precision of the Collocation algorithm is significantly
lower, 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
the same. Although bothSA andReviewSeer use product re-
view articles, the actual datasets are not identical. (We are
not aware of any benchmark dataset for sentiment classifi-
cation for evaluation purposes.) They have combined more
categories (7 categories vs. 2 categories forSA). Secondly,

3 http://flahdo.watson.ibm.com/Talent/talentproject.htm



Precision Accuracy Acc. w/o
I class

SA(Petroleum, Web) 86% 90% N/A
SA(Pharmaceutical, Web) 91% 93% N/A
SA(Petroleum, News) 88% 91% N/A
ReviewSeer (Web) N/A 38% 68%

Table 6. The performance of SA and ReviewSeer on
general web documents and news articles.

ReviewSeer is a document level sentiment classifier, while
SA is per subject-spot level. Third,ReviewSeer does not try
to do subject association.

ReviewSeer might have produced better accuracy with
fewer categories. On the other hand, since they do not try
(subject, sentiment) association, their accuracy is not af-
fected by the potential association error, whileSA’s is. That
is, even thoughSA extracts sentiment polarity accurately,
we consider it a failure if the (subject, sentiment) associa-
tion is made wrong. It is not clear how much the subject
association would impactReviewSeer’s accuracy. However,
the experimental results on general web documents (Sec-
tion 3.5.2) reveal how much subject association error de-
grades, at least partially, the accuracy ofReviewSeer.

3.5.2. General Web Documents. Sentiment expressions
in general Web documents are typically very sparse in com-
parison to the review articles. This characteristic of general
web documents may work against a document level clas-
sifier as there might not be enough sentiment-bearing ex-
pressions in a document to classify the entire document as
sentiment-bearing.

In order to mitigate the problem,ReviewSeer applied the
algorithm on the individual sentences with a subject word.
This makes the comparison withSA on more equal ground.
Table 6 lists the results.

SA achieves high precision (86%∼ 91%) and even
higher accuracy (90%∼ 93%) on general Web documents
and news articles. The precision ofSA was computed only
on the test cases thatSA extracted as eitherpositive or
negative, but did not includeneutral cases. The accu-
racy of SA included theneutral cases as well, as did
ReviewSeer’s. The accuracy ofSA is higher than the pre-
cision, because the majority of the test cases do not have
any sentiment expression, andSA correctly classifies most
of them as neutral.

On the contrary,ReviewSeer suffered with sentences
from general web documents: the accuracy is only 38%
(down from 88.4%). (The accuracy is computed based on
the figures from Table 14 of [3]: we have averaged the accu-
racies of the three equal-size groups of a test set, 21%, 42%
& 50%, respectively.) The accuracy was improved to 68%
after removing difficult cases and using only clearly posi-

tive or negative sentences about the given subject. The set
of difficult testing cases eliminated (calledI class) include
sentences that were ambiguous when taken out of context
(case i), were not describing the product (case ii), or did not
express any sentiment at all (case iii).

The challenge here is that these difficult cases are the ma-
jority of the sentences that any sentiment classifier has to
deal with: 60% (356 out of 600) of the test cases for theRe-
viewSeer experiment and even more (as high as over 90% on
some domain) in our experiments.Case i is difficult for any
sentiment classifier. We believecase ii is where the purely
statistical methods do not perform well and sophisticated
NLP can help.SA tries to solve the (subject, sentiment) as-
sociation problemcase ii by the relationship analysis.SA
handles the neutral casesiii already very well as discussed
earlier.

4. Previous Work
[1] describes a procedure that aims at extractingpart-of

features, using possessive constructions and prepositional
phrases, from news corpus. By contrast, we extract both
part-of andattribute-of relations.

Some of the previous works on sentiment-based classifi-
cation focused on classifying the semantic orientation of in-
dividual words or phrases, using linguistic heuristics, a pre-
selected set of seed words, or by human labeling [5, 21]. [5]
developed an algorithm for automatically recognizing the
semantic orientation of adjectives. [22] identifiessubjective
adjectives (or sentiment adjectives) from corpora.

Past work on sentiment-based categorization of entire
documents has often involved either the use of models in-
spired by cognitive linguistics [6, 16] or the manual or semi-
manual construction of discriminant-word lexicons [2, 19].
[6] proposed a sentence interpretation model that attempts
to answer directional queries based on the deep argumenta-
tive structure of the document, but with no implementation
detail or any experimental results. [13] compares three ma-
chine learning methods (Naive Bayes, maximum entropy
classification, and SVM) for sentiment classification task.
[20] used the average “semantic orientation” of the phrases
in the review. [15] analysed emotional affect of various cor-
pora computed as average of affect scores of individual af-
fect terms in the articles. The sentiment classifiers often as-
sumes 1) each document has only one subject, and 2) the
subject of each document is known. However, these as-
sumptions are often not true, especially for web documents.
Moreover, even if the assumptions are met, sentiment clas-
sifiers are unable to reveal the sentiment about individual
features, unlikeSA.

Product Reputation Miner [12] extracts positive or neg-
ative opinions based on a dictionary. Then it extracts
characteristic words, co-occurrence words, and typical sen-
tences for individual target categories. For each character-
istic word or phrase they compute frequently co-occurring



terms. However, their association of characteristic terms
and co-occurring terms does not necessarily mean rel-
evant opinion as was seen in collocation experiments.
In contrast, our NLP based relationship analysis asso-
ciates subjects to the corresponding sentiments.

ReviewSeer [3] is a document level opinion classifier that
uses mainly statistical techniques and some POS tagging in-
formation for some of their text term selection algorithms.
It achieved high accuracy on review articles. However, the
performance sharply degrades when applied to sentences
with subject terms from the general web documents. In con-
trast,SA continued to perform with high accuracy. Unlike
ReviewSeer, SA handles the neutral cases and subject asso-
ciation very well. In fact, the relationship analysis ofSA was
designed for these kinds of difficult cases.

5. Discussion and Future Work
We applied NLP techniques to sentiment analy-

sis. The feature extraction algorithm successfully identi-
fied topic related feature terms from online review articles,
enabling sentiment analysis at finer granularity.SA con-
sistently demonstrated high quality results of 87% for
review articles, 86∼ 91% (precision) and 91∼ 93% (accu-
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 art
algorithms by a wide margin (38% vs. 91∼ 93%).

However, from our initial experience with sentiment de-
tection, we have identified a few areas of potentially sub-
stantial improvements. We expect full parsing will provide
better sentence structure analysis, thus better relationship
analysis. Second, more advanced sentiment patterns cur-
rently require a fair amount of manual validation. Although
some amount of human expert involvement may be in-
evitable in the validation to handle the semantics accurately,
we plan on more research on increasing the level of automa-
tion.
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