
Mining Opinions in Twitter

Dmitri O. Kondratiev

Grid Dynamics

dkondratiev@griddynamics.com

Introduction
Searching and analyzing user opinions on the Web and Social Networks becomes very important 
technology for modern agile businesses. Opinions can be searched on any subject matter - a 
product, an organization, an event, or a topic.

This paper gives an overview of existing today NLP technology (methods, and algorithms) that can 
be used for mining opinions in Twitter and proposes the first implementation of such a system.   

Two typical kinds of opinion search queries may be issued:

1. Find public opinions on a particular object or a feature of the object, e.g., find customer 
opinions on a digital camera or the picture quality of the camera, and find public opinions on 
a political topic. 

2. Find opinions of a person or organization (i.e., opinion holder) on a particular object or a 
feature of the object, e.g., find Grid Dynamics opinion on OpenStack. 

For the first type of queries, the user may simply give the name of the object or the name of the 
feature and the name of the object. For the second type of queries, the user may give the name of 
the opinion holder and the name of the object.

Twitter message

Twitter message, also known as "tweet" is a short text of up to 140 characters long. As any other 
text, tweet may contain any combination of facts, opinions as well as other text.
Facts are objective and opinions are subjective expressions about entities, events, and their 
properties.

For example the following tweet consists of 3 sentences, both with opinions and  facts: 

Example 1.
1) The Nokia Win Mobile phone is pretty awesome. 2) Great battery life too.  3) And Win Mobile  
could multitask since WinCE 1.0.

Sentences (1), (2) express positive opinion. Sentence (3) has an assertion of a fact (“ Win Mobile 
could multitask since WinCE 1.0”). 

Opinion targets

Opinions have targets on which they are expressed. Targets can be objects such as “Nokia phone” or 
object properties such as “battery life”.  Here “Nokia phone” and “battery” are objects and  “battery 
life” is an object property or attribute.



Object structure

Objects can be simple entities or have a hierarchical structure.  Hierarchical object consist from 
other objects that in turn can be hierarchical. For example phone object consists of screen, battery,  
antenna, speaker, etc. 
Every object  have an associated set of attributes or properties describing its function or utility. For 
example battery object has a property “life” - how long battery works.  

Object features

To simplify opinion mining hierarchical objects are flattened into a set of features, where each 
feature is a combination of object component and some attribute of this component. For example 
“battery life” is a  a feature of Nokia phone. Different objects can have some common features. 
“Battery life” is an example of feature common to all cell phones. 
In this simplification root in the object hierarchy tree is also a feature, such as “Nokia Win Mobile 
phone” which can be an opinion target all by itself,  for example “Nokia Win Mobile phone is pretty  
awesome”. 

Explicit and implicit object features

Feature expression can either directly appear in text or feature may be implied indirectly in the text:  

Example 2
1) So, I actually really like the Galaxy Nexus. 2) I love the size. 3) The OS I can live with, and the  
screen size it great for me.

Example 3
1) My phone feel like a laptop. 2) That's how heavy it is.

Example 4
1) I hate using my freakishly large phone. 2) I cant press buttons since its so wide + its in  
touchscreen -.- 3) I want my small old phone back !

In example 2 sentence (2) contains an opinion on explicit feature “Galaxy Nexus size” and sentence 
(3) contains an opinion on explicit feature “ Galaxy Nexus screen size”.  
Sentence (2), example 3 implies “phone weight” feature without naming it explicitly.
Sentence (1), example 4 implies “phone size”, also implicit feature. 
Implicit feature is pair (object, property indicator). In these examples “Large” and “heavy” are 
feature indicators that imply “size” and “weight” object properties respectively. Adjectives and 
adverbs play role of feature indicators. Some of feature indicators, such as “bad”, “poor”, “good”, 
“great”, etc. are very general and can be used with any object, while others like “large” (size),  
“beautiful” (appearance) imply very specific object attributes.
    

Definitions and Opinion Mining Problem Statement
This work is based on opinion mining problem statement and definitions formalized in [1]1 and 
given here verbatim together with accompanying original comments and examples:
 
Let an opinionated document be d, which can be a product review, a forum post, or a blog that 

1 In this text bracketed references “()” to article sources can be found in Section 26 of [1] “Handbook of Natural  
Language Processing, Second Edition “   



evaluates a set of objects. In the most general case, d consists of a sequence of sentences d =s1, 
s2, . . . , sm.

Definition (opinion passage on a feature).  An opinion passage on a feature f of an object o 
evaluated in d is a group of consecutive sentences in d that expresses a positive or negative opinion 
on f .
It is possible that a sequence of sentences (at least one) in an opinionated document together 
expresses an opinion on an object or a feature of the object. It is also possible that a single sentence 
expresses opinions on more than one feature, e.g., “The voice quality of this phone is good, but the 
battery life is short.”

Definition (explicit and implicit feature). If a feature f or any of its synonyms appears in a 
sentence s, f is called an explicit feature in s. If neither f nor any of its synonyms appear in s but f is 
implied, then f is called an implicit feature in s.

Definition (opinion holder). The holder of an opinion is the person or organization that expresses 
the opinion.
Opinion holders are also called opinion sources (Wiebe et al. 2005). In the case of product reviews
and blogs, opinion holders are usually the authors of the posts. Opinion holders are more important 
in news articles because they often explicitly state the person or organization that holds a particular  
opinion (Bethard et al. 2004; Choi et al. 2005; Kim and Hovy 2004). For example, the opinion 
holder in the sentence “John expressed his disagreement on the treaty” is “John.”

Definition (opinion). An opinion on a feature f is a positive or negative view, attitude, emotion, or
appraisal on f from an opinion holder.

Definition (opinion orientation). The orientation of an opinion on a feature f indicates whether the
opinion is positive, negative, or neutral.
Opinion orientation is also known as sentiment orientation, polarity of opinion, or semantic 
orientation.

We now put everything together to define a model of an object, a model of an opinionated text, and 
the mining objective, which are collectively called the feature-based sentiment analysis model (Hu 
and Liu 2004; Liu 2006; Liu et al. 2005).

Model of an object. An object o is represented with a finite set of features, F = {f1, f2, . . . , fn}, 
which includes the object itself as a special feature. Each feature fi ∈ F can be expressed with any 
one of a finite set of words or phrasesWi = {wi1, wi2, . . . , wim}, which are synonyms of the 
feature, or indicated by any one of a finite set of indicators Ii = {ii1, ii2, . . . , iiq} of the feature.

Model of an opinionated document. A general opinionated document d contains opinions on a set 
of objects {o1, o2, . . . , or} from a set of opinion holders {h1, h2, . . . , hp}. The opinions on each 
object oj are expressed on a subset Fj of features of oj. An opinion can be any one of the following 
two types:

1. Direct opinion: A direct opinion is a quintuple (oj, fjk, ooijkl, hi, tl), where oj is an object, fjk 
is a feature of the object oj, ooijkl is the orientation or polarity of the opinion on feature fjk 
of object oj, hi is the opinion holder and tl is the time when the opinion is expressed by hi. 
The opinion orientation ooijkl can be positive, negative, or neutral (or measured based on a 
more granular scale to express different strengths of opinions (Wilson et al. 2004)). For 
feature fjk that opinion holder hi comments on, he or she chooses a word or phrase from the 
corresponding synonym set Wjk, or a word or phrase from the corresponding feature 
indicator set Ijk to describe the feature, and then expresses a positive, negative, or neutral 



opinion on the feature.
2. Comparative opinion: A comparative opinion expresses a relation of similarities or 

differences between two or more objects, and/or object preferences of the opinion holder 
based on some of the shared features of the objects. A comparative opinion is usually 
expressed using the comparative or superlative form of an adjective or an adverb, although 
not always. 

This opinionated text model covers the essential but not all the interesting information or all  
possible cases. For example, it does not cover the situation described in the following sentence: 
“The view-finder and the lens of this camera are too close,” which expresses a negative opinion on 
the distance of the two components. We will follow this simplified model in the rest of this chapter 
as it is often sufficient for practical applications.

On direct opinions, there are in fact two main subtypes. In the first subtype, opinions are directly
expressed on an object or some features of an object, e.g., “The voice quality of this phone is great.” 
In the second subtype, opinions on an object are expressed based on its effect on some other 
objects. This subtype often occurs in the medical domain when patients express opinions on drugs 
or describe their side effects. For example, the sentence “After taking this drug, my left knee felt 
great” describes a desirable effect of the drug on the knee, and thus implies a positive opinion on 
the drug. We call both types direct opinions in this chapter for the sake of simplicity and to 
distinguish them from comparative opinions.
Opinions come in different strengths (Wilson et al. 2004). Some are very strong, e.g., “This phone is 
a piece of junk” and some are weak, e.g., “I think this phone is fine.” Hence, the strength of 
opinions can be interpreted as scaled. For example, a positive opinion may express a feeling of 
contented, happy, joyous, or ecstatic, from the low intensity value of contented to the maximally 
high intensity value of ecstatic (Martin and White 2005). In a practical application, we can choose 
the number of strength values or levels depending on the application need.

Definition (emotion). Emotions are our subjective feelings and thoughts.
Emotions have been studied in many fields, e.g., psychology, philosophy, sociology, biology, etc. 
However, there is still not a set of agreed basic emotions of people among researchers. Based on 
(Parrott 2001), people have six types of primary emotions, i.e., love, joy, surprise, anger, sadness 
and fear, which can be subdivided into many secondary and tertiary emotions. Each emotion can 
also have different intensities. The strengths of opinions are closely related to the intensities of 
certain emotions, e.g., joy and anger.
However, the concepts of emotions and opinions are not equivalent although they have a large 
intersection. When discussing subjective feelings of emotions or opinions, it is useful to distinguish 
two different notions: people’s mental states (or feelings) and language expressions used to describe 
the mental states.
Although there are only six types of emotions, there are a large number of language expressions that 
can be used to express them. Similarly, there are also a large (seemly unlimited) number of opinion 
expressions that describe positive or negative sentiments. Sentiment analysis or opinion mining 
essentially tries to infer people’s sentiments based on their language expressions.

We now describe the objective of sentiment analysis or opinion mining, which not only aims to 
infer positive or negative opinions/sentiments from text, but also to discover the other pieces of 
associated information which are important for practical applications of the opinions.
Objective of mining direct opinions: Given an opinionated document d,

1. Discover all opinion quintuples (oj, fjk, ooijkl, hi, tl) in d
2. Identify all synonyms (Wjk) and feature indicators Ijk of each feature fjk in d

Some remarks about this feature-based sentiment analysis or opinion mining model are as follows:



1. It should be stressed that the five pieces of information in the quintuple need to correspond to one 
another. That is, the opinion ooijkl must be given by opinion holder hi on feature fjk of object oj at  
time tl. This requirement gives some clue why sentiment analysis is such a challenging problem 
because even identifying each piece of information itself is already very difficult, let alone finding 
all five and match them. To make matters worse, a sentence may not explicitly mention some pieces  
of information, but they are implied due to pronouns, language conventions, and the context. Let us 
see an example blog (the number before each sentence is added as the sentence id to facilitate the 
discussion below):

Example 26.4
“(1) This past Saturday, I bought a Nokia phone and my girlfriend bought a Motorola phone. (2)  
We called each other when we got home. (3) The voice on my phone was not so clear, worse than  
my previous phone. (4) The camera was good. (5) My girlfriend was quite happy with her phone.  
(6) I wanted a phone with good voice quality. (7) So my purchase was a real disappointment. (8) I  
returned the phone yesterday.”

The objects to be discovered in this blog are “Motorola phone” and “Nokia phone,” which are by
no means easy to identify in practice. To figure out what is “my phone” and what is “her phone”
in sentences (3) and (5) is even more challenging. Sentence (4) does not mention any phone and
does not have a pronoun. Then the question is which phone “the camera” belongs to. Sentence (6)
seemingly expresses a positive opinion about a phone and its voice quality, but of course that is not
the case. In sentences (7) and (8), it is hard to know what “my purchase” is and what “the phone” is.
The opinion holder of all the opinions is the author of the blog except sentence (5) whose opinion
holder is “my girlfriend.”

2. In practice not all five pieces of information in the quintuple needs to be discovered for every 
application because some of them may be known or not needed. For example, in the context of 
product reviews, the object (product) evaluated in each review, the time when the review is 
submitted, and the opinion holder are all known as a review site typically records and displays such 
information. Of course, one still needs to extract such information from the Web page, which is 
usually a structured data extraction problem (see Chapter 9 of (Liu 2006)).

Example 26.4 above revealed another issue, namely, subjectivity, which is related to opinions. That 
is, in a typical document (even an opinionated document), some sentences express opinions and 
some do not. For example, sentences (1), (2), (6), and (8) do not express any opinions. The issue of 
subjectivity has been extensively studied in the literature (Hatzivassiloglou and McKeown 2006; 
Hatzivassiloglou and  Wiebe 2000; Riloff et al. 2006; Riloff and Wiebe 2003; Turney 2002; Wiebe 
2000; Wiebe and Mihalcea 2006; Wiebe and Wilson 2002; Wiebe et al. 2004; Wilson et al. 2004; 
2005).
                                                    
Definition (sentence subjectivity).  An objective sentence presents some factual information about 
the world, while a subjective sentence expresses some personal feelings or beliefs.

For example, in Example 26.4, sentences (1), (2), and (8) are objective sentences, while all other 
sentences are subjective sentences. Subjective expressions come in many forms, e.g., opinions, 
allegations, desires, beliefs, suspicions, and speculations (Riloff et al. 2006; Wiebe 2000). 
Thus, a subjective sentence may not contain an opinion. For example, sentence (6) in Example 26.4 
is subjective but it does not express a positive or negative opinion on any specific phone. Similarly, 
we should also note that not every objective sentence contains no opinion as the second sentence in 
Example 26.5 below shows.



Definition (explicit and implicit opinion). An explicit opinion on feature f is a positive or negative 
opinion explicitly expressed on f in a subjective sentence. An implicit opinion on feature f is an 
opinion on f implied in an objective sentence.

Example 26.5
The following sentence expresses an explicit positive opinion:
“The voice quality of this phone is amazing.”
The following sentence expresses an implicit negative opinion:
“The earphone broke in two days.”
Although this sentence states an objective fact, it implicitly indicates a negative opinion on the  
earphone. In fact, sentence (8) in Example 26.4 can also be said to imply a negative opinion. In  
general, objective sentences that imply positive or negative opinions often state the reasons for the  
opinions.

Definition (opinionated sentence). An opinionated sentence is a sentence that expresses explicit or 
implicit positive or negative opinions. It can be a subjective or objective sentence.

Twitter Specifics in Solving Opinion Mining Problem 
Twitter documents are short (140 char) messages, most often of one or just several sentences long.  
Nevertheless any tweet can contain opinions on several objects or object features.  
Opinion holders are Twitter users.  Message can contain opinion of a user who posted the message 
or a “re-tweet” - an opinion in a message from another user reposted by the first user.
Regarding opinion holders in Twitter there may be two general types of opinion analysis:

1) Uniform opinion processing without taking into consideration opinion holders.
2) Taking into account opinions from influential users by assigning additional weights to their 

opinions. 
Tweets may contain advertisements that need special mechanism to differentiate them from 
opinions of real users. 
The time when the opinion is expressed by opinion holders is required for opinion trend analysis 
and presentation.

Feature-Based Opinion Discovery and Classification
To mine opinions on object features in tweets, we need “discover every quintuple (oj, fjk, ooijkl, hi,  
tl) and identify all the synonyms (Wjk) and feature indicators Ijk of feature fjk.” [1]
We focus on two key mining tasks:

1. “Identify object features that have been commented on. For instance, in the sentence, “The 
picture quality of this camera is amazing,” the object feature is “picture quality.”

2. Determine whether the opinions on the features are positive, negative, or neutral. In the 
above sentence, the opinion on the feature “picture quality” is positive.” [1]

In general, as noted in [1]: “...sentiment classification is highly sensitive to the domain from which 
the training data are extracted. A classifier trained using opinionated texts from one domain often 
performs poorly when it is applied or tested on opinionated texts from another domain. The reason 
is that words and even language constructs used in different domains for expressing opinions can be 
substantially different. To make matters worse, the same word in one domain may mean positive, 
but in another domain may mean negative. For example, as observed in Turney (2002), the adjective 
unpredictable may have a negative orientation in a car review (e.g., “unpredictable steering”), but it  
could have a positive orientation in a movie review (e.g., “unpredictable plot”). Thus, domain 
adaptation is needed.”



Extracting Product Features from Tweets

To extract features from tweets (that as a rule contain a lot of “noise” - unrelated to opinions text)  
an algorithm based on unsupervised learning will be used. This algorithm is based on method 
proposed in Hu and Liu (2004) for unstructured product review analysis and will be adopted by us 
to work with Twitter. The main steps of this algorithm are ([1]):

1. “Finding frequent nouns and noun phrases. Nouns and noun phrases (or groups) are 
identified by using a POS tagger. Their occurrence frequencies are counted, and only the 
frequent ones are kept. A frequency threshold can be decided experimentally. The reason for 
using this approach is that when people comment on product features, the vocabulary that 
they use usually converges, and most product features are nouns. Thus, those nouns that are 
frequently talked about are usually genuine and important features. Irrelevant contents in 
reviews are often diverse and thus infrequent, i.e., they are quite different in different 
reviews. Hence, those nouns that are infrequent are likely to be non-features or less 
important features.

2. Finding infrequent features by making use of opinion words. The idea is as follows: The 
same opinion word can be used to describe different object features. Opinion words that 
modify frequent features can also modify infrequent features, and thus can be used to extract 
infrequent features. For example, “picture” is found to be a frequent feature, and we have 
the sentence, “The pictures are absolutely amazing.” If we know that “amazing” is a positive 
opinion word, then “software” can also be extracted as a feature from the following 
sentence, “The software is amazing.” because the two sentences follow the same pattern and 
“software” in the sentence is also a noun.”

To improve the precision of step 1 of the above algorithm method proposed by Popescu and Etzioni 
(2005) will be used ([1]):
"Their algorithm tries to remove those noun phrases that may not be product features. It evaluates 
each noun phrase by computing a PMI score (Pointwise Mutual Information) between the phrase 
and some meronymy discriminators associated with the product class, e.g., a “scanner” class. The 
meronymy discriminators for the scanner class are,  “of scanner,” “scanner has,” “scanner comes 
with,” etc., which are used to find components or parts of scanners by searching on the Web."

The PMI measure (see footnote2) in this case ([1]):

“PMI(f , d) = hits(f ∧ d) / (hits(f) * hits(d)), (26.4)
where
f is a candidate feature identified in step 1
d is a discriminator
Web search is used to find the number of hits of individuals and also their co-occurrences. The idea 
of this approach is clear. If the PMI value of a candidate feature is too low, it may not be a 
component of the product because f and d do not co-occur frequently.”
In Twitter case number of f and d hits is a number of  f and d occurrences in a Twitter feed 

2  Pointwise Mutual Information (PMI) ([1]):

PMI(term1, term2) = log2(Pr(term1 ∧ term2) / (Pr(term1) * Pr(term2))) (26.1)

Here, Pr(term1 ∧ term2) is the co-occurrence probability of term1 and term2, and 
Pr(term1)Pr(term2) gives the probability that the two terms co-occur if they are statistically 
independent. The ratio between Pr(term1 ∧ term2) and Pr(term1)Pr(term2) is thus a measure of the 
degree of statistical dependence between them. The log of this ratio is the amount of information 
that we acquire about the presence of one of the words when we observe the other.



associated with particular object query, such as 'phone battery', 'phone camera', etc.

Arranging Feature Synonyms in Groups 

After finding features the must be arranged in group synonyms ([1]) :
“It is common that people use different words or phrases to describe the same feature.
For example, photo and picture refer to the same feature in digital camera reviews. Identifying and 
grouping synonyms is essential for applications. Although WordNet (Fellbaum 1998) and other 
thesaurus dictionaries help to some extent, they are far from sufficient due to the fact that many 
synonyms are domain dependent. For example, picture and movie are synonyms in movie reviews, 
but they are not synonyms in digital camera reviews as picture is more related to photo while movie 
refers to video. Carenini et al. (2005) proposed a method based on several similarity metrics similar 
to those in information integration (Liu 2006). It requires a taxonomy of features to be given for a 
particular domain. The algorithm merges each discovered feature to a feature node in the taxonomy. 
The similarity metrics are defined based on string similarity, synonyms, and other distances 
measured using WordNet. Experiments based on digital camera and DVD reviews show promising 
results.”

Processing Implicit Features

Implicit features must be converted to explicit ones ([1)): 
“Feature extraction may discover many feature indicators. Adjectives and adverbs are perhaps the 
most common types of feature indicators. It is known that many adjectives and adverbs modify or 
describe some specific attributes or properties of objects. This step maps such feature indicators to 
features. For example, the adjective 'heavy' usually describes the weight of an object, and thus
should be mapped to the weight feature. 'Beautiful' is usually used to describe the appearance of an 
object, and thus should be mapped to the appearance feature. However, this needs to be done with 
care as the usage of many adjectives can be quite versatile. Their exact meaning may be 
domain/context dependent.
For example, “heavy” in the sentence “The traffic is heavy” does not describe the weight of the 
traffic. One way to map indicator words to (implicit) features is to manually compile a list of such 
mappings during training data annotation, which can then be used in the same domain in the future. 
However, it is not clear whether this is an effective approach as little research has been done.”

Opinion Orientation Identification

The first implementation of Twitter Opinion Mining system will use  a lexicon-based approach 
(Ding et al. 2008; Hu and Liu 2004) to determine opinion orientation in tweets ([1]) : 
“The lexicon-based approach basically uses opinion words and phrases in a sentence to determine 
the orientation of the opinion. Apart from the opinion lexicon, negations and but-clauses in a 
sentence are also crucial and need to be handled. The approach works as follows (Hu and Liu 2004; 
Ding et al. 2008):             

1. Identifying opinion words and phrases: Given a sentence that contains an object feature, this 
step identifies all opinion words and phrases. Each positive word is assigned the opinion 
score of +1, each negative word is assigned the opinion score of −1, and each context 
dependent word is assigned the opinion score of 0. For example, we have the sentence, “The 
picture quality of this camera is not great, but the battery life is long.” After this step, the 
sentence is turned into “The picture quality of this camera is not great[+1], but the battery 
life is long[0]” because “great” is a positive opinion word and “long” is context dependent. 
The object features are italicized.

2. Handling negations: Negation words and phrases are used to revise the opinion scores 
obtained in step 1, based on some negation handling rules. After this step, the above 
sentence is turned into “The picture quality of this camera is not great[−1], but the battery 



life is long[0]” due to the negation word “not.” We note that not every “not” means 
negation, e.g., “not only . . . but also.” Such non-negation phrases containing negation words 
need to be considered separately. 

3. But-clauses: In English, but means contrary. A sentence containing “but” is handled by 
applying the following rule: the opinion orientation before but and after but are opposite to 
each other. After this step, the above sentence is turned into “The picture quality of this 
camera is not great[−1], but the battery life is long[+1]” due to “but.” Apart from but, 
phrases such as “with the exception of,” “except that,” and “except for” behave similarly to 
but and are handled in the same way. As in the case of negation, not every but means 
contrary, e.g., “not only . . . but also.” Such non-but phrases containing “but” also need to be 
considered separately.

4. Aggregating opinions: This step applies an opinion aggregation function to the resulting 
opinion scores to determine the final orientation of the opinion on each object feature in the 
sentence. Let the sentence be s, which contains a set of object features {f1, . . . , fm} and a 
set of opinion words or phrases {op1, . . . , opn} with their opinion scores obtained from 
steps 1, 2, and 3. The opinion orientation on each feature fi in s is determined by the 
following opinion aggregation function:

where
opj is an opinion word in s 
d(opj, fi) is the distance between feature fi and opinion word opj in s
opj · oo is the orientation or opinion score of opj

The multiplicative inverse in the formula is used to give low weights to opinion words that are far 
away from feature fi. If the final score is positive, then the opinion on feature fi in s is positive. If 
the final score is negative, then the opinion on the feature is negative. It is neutral otherwise.

Presenting Opinion Mining Results to End-users
The main idea of presenting opinions in this work is based on the same principles as defined in [1]:
“... for most opinion-based applications, it is important to study a collection of opinions rather than 
only one because one opinion only represents the subjective view of a single person, which is 
usually not significant for action. This clearly indicates that some form of summary of the mining 
results is needed because it does not make sense to list all quintuples (opinions) to the user.
Below, we use product reviews as an example to present some ideas.
… we wanted to turn unstructured natural language texts to structured data. The quintuple output 
does exactly that. All the discovered quintuples can be easily stored in database tables. A whole 
suite of database and visualization tools can then be applied to view the results in all kinds of ways 
to gain insights of consumer opinions, which are usually called structured summaries and are 
visualized as bar charts and/or pie charts.

Structured opinion summary: A simple way to use the results is to produce a feature-based 
summary of opinions on an object or multiple competing objects (Hu and Liu 2004; Liu et al.  
2005).”  

Cellular phone 1:
PHONE:



Positive: 125 <individual review sentences>
Negative: 7 <individual review sentences>
Feature: voice quality
Positive: 120 <individual review sentences>
Negative: 8 <individual review sentences>
Feature: size
Positive: 80 <individual review sentences>
Negative: 12 <individual review sentences>
. . .
FIGURE 26.1 An example of a feature-based summary of opinions.

More examples, visualization as a bar charts :
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