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Introduction

 Sentiment analysis (SA) or opinion mining
 computational study of opinion, sentiment, 

appraisal, evaluation, and emotion. 

 Why is it important?
 Opinions are key influencers of our behaviors. 

 Our beliefs and perceptions of reality are conditioned 
on how others see the world. 

 Whenever we need to make a decision we often seek 
out the opinions from others.

 Rise of social media –> opinion data
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Terms defined - Merriam-Webster

 Sentiment: an attitude, thought, or judgment 
prompted by feeling.
 A sentiment is more of a feeling.

 “I am concerned about the current state of the 
economy.”

 Opinion: a view, judgment, or appraisal 
formed in the mind about a particular matter. 
 a concrete view of a person about something.

 “I think the economy is not doing well.”
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SA: A fascinating problem!

 Intellectually challenging & many applications.
 A popular research area in NLP, and data mining 

(Shanahan, Qu, and Wiebe, 2006 (edited book); Surveys - Pang and Lee 2008; Liu, 
2006, 2012, and 2015)

 spread from CS to management and social sciences 
(Hu, Pavlou, Zhang, 2006; Archak, Ghose, Ipeirotis, 2007; Liu Y, et al 2007; Park, 
Lee, Han, 2007; Dellarocas, Zhang, Awad, 2007; Chen & Xie 2007).

 A large number of companies in the space globally

 It touches every aspect of NLP & also is confined.
 A “simple” semantic analysis problem.

 A major technology from NLP. 
 But it is hard.
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Roadmap

 Sentiment analysis problem
 Document sentiment classification
 Sentence subjectivity & sentiment classification
 Aspect-based sentiment analysis
 Aspect-based opinion summarization
 Mining comparative opinions
 Opinion lexicon generation
 Some interesting sentences
 Utility or helpfulness of reviews
 Opinion spam detection 
 Summary
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Two main types of opinions 
(Jindal and Liu 2006; Liu, 2010)

 Regular opinions: Sentiment/opinion 
expressions on some target entities
 Direct opinions: 

 “The touch screen is really cool.”

 Indirect opinions: 
 “After taking the drug, my pain has gone.” 

 Comparative opinions: Comparison of more than 
one entity. 
 E.g., “iPhone is better than Blackberry.”

 We focus on regular opinions first, and just call 
them opinions. 
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(I): Definition of opinion

 Id: Abc123 on 5-1-2008 -- “I bought an iPhone yesterday. It 
is such a nice phone. The touch screen is really cool. The
voice quality is great too. It is much better than my Blackberry. 
However, my mom was mad with me as I didn’t tell her before I 
bought the phone. She thought the phone was too expensive” 

 Definition: An opinion is a quadruple (Liu, 2012), 
(target, sentiment, holder, time)

 This definition is concise, but not easy to use.
 Target can be complex, e.g.,“I bought an iPhone. The 

voice quality is amazing.”
 Target = voice quality? (not quite)
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A more practical definition
(Hu and Liu 2004; Liu, 2010, 2012)

 An opinion is a quintuple 

(entity, aspect, sentiment, holder, time)

where 
 entity: target entity (or object).
 Aspect: aspect (or feature) of the entity.
 Sentiment: +, -, or neu, a rating, or an emotion. 
 holder: opinion holder. 
 time: time when the opinion was expressed. 

 Aspect-based sentiment analysis
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Our example blog in quintuples

 Id: Abc123 on 5-1-2008 “I bought an iPhone a few days 
ago. It is such a nice phone. The touch screen is really 
cool. The voice quality is great too. It is much better than 
my old Blackberry, which was a terrible phone and so 
difficult to type with its tiny keys. However, my mother was 
mad with me as I did not tell her before I bought the phone. 
She also thought the phone was too expensive, …” 

 In quintuples
(iPhone, GENERAL, +, Abc123, 5-1-2008)

(iPhone, touch_screen, +, Abc123, 5-1-2008)
….

 We will discuss comparative opinions later.
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Two closely related concepts

 Subjectivity and emotion. 

 Sentence subjectivity
 An objective sentence presents some factual 

information, while a subjective sentence
expresses some personal feelings, views, 
emotions, or beliefs.

 Emotion
 A mental state that arises spontaneously rather 

than through conscious effort and is often 
accompanied by physiological changes.
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Subjectivity

 Subjective expressions come in many forms, e.g., 
opinions, allegations, desires, beliefs, suspicions, 
speculations (Wiebe 2000; Wiebe et al 2004; Riloff et al 2006).

 A subjective sentence may contain a positive or 
negative opinion

 Most opinion sentences are subjective, but 
objective sentences can imply opinions too (Liu, 2010)

 “The machine stopped working in the second day”

 “We brought the mattress yesterday, and a body 
impression has formed.” 

 “After taking the drug, there is no more pain” 
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Emotion

 No agreed set of basic emotions of people. 
 Based on Parrott (2001), people have six basic 

emotions, 
 love, joy, surprise, anger, sadness, and fear. 

 Although related, emotions and opinions are 
not equivalent. 
 Opinion: personal (+/-) view on something

 Cannot say “I like”

 Emotion: a mental state, inner feeling
 But can say “I am angry.”
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Definition of Emotion

 Definition (Emotion): It is a quintuple, 
(entity, aspect, emotion_type, feeler, time) 

 E.g., “I am so mad with the hotel manager 
because he refused to refund my booking fee”
 Entity: hotel 

 Aspect: manager 

 emotion_type anger 

 feeler: I 

 time: unknown

 The definition can also include the cause. 

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            13

(II): Opinion summary (Hu and Liu 2004)

 With a lot of opinions, a summary is necessary.
 Not traditional text summary: from long to short.

 Text summarization: defined operationally based on 
algorithms that perform the task

 Opinion summary (OS) can be defined precisely, 
 not dependent on how summary is generated. 

 Opinion summary needs to be quantitative
 60% positive is very different from 90% positive. 

 Main form of OS: Aspect-based opinion summary
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Opinion summary
(Hu and Liu, 2004)                              (Liu et al. 2005)

 Opinion Summary of 1 phone

Voice Screen   Battery  size   weight

+

_

_

+
 Opinion comparison of 2 phones

Aspect/feature Based Summary 
of opinions about iPhone:

Aspect: Touch screen
Positive: 212
 The touch screen was really cool. 
 The touch screen was so easy to 

use and can do amazing things. 
…
Negative: 6
 The screen is easily scratched.
 I have a lot of difficulty in removing 

finger marks from the touch screen. 
… 
Aspect: voice quality
…

15

Aspect-based opinion summary
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Not just ONE problem

 (entity, aspect, sentiment, holder, time) 

 target entity:    Named entity extraction, more
 aspect of entity:     Aspect extraction
 sentiment:      Sentiment classification
 opinion holder:     Information/data extraction
 time:      Information/data extraction

 Other NLP problems
 Synonym grouping (voice = sound quality) 
 Lexical semantics
 Coreference resolution
 …..
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Sentiment analysis flow: An example
(AddStructure.com)
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Which product to buy?
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Great Price (518)

Good Sound Quality 
(895)

Easy Setup (138)

Remote (9)

Inputs (8)

Little product flaws 
(8)

Volume (4)

Great Picture Quality 
(256)

Good Sound Quality (77)

Easy Setup (60)

Speakers (5)

Changing 
Channels (4)

Volume (3)

Summarization
(AddStructure.com)
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Review summary 
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“Where can I get the best 
Sea Bass in NYC?”

“What should I recommend 
my client order at dinner?”
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Roadmap

 Sentiment analysis problem
 Document sentiment classification
 Sentence subjectivity & sentiment classification
 Aspect-based sentiment analysis
 Aspect-based opinion summarization
 Mining comparative opinions
 Opinion lexicon generation
 Some interesting sentences
 Utility or helpfulness of reviews
 Opinion spam detection 
 Summary

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            24

Sentiment classification

 Classify a whole opinion document (e.g., a 
review) based on the overall sentiment of the 
opinion holder (Pang et al 2002; Turney 2002)

 Classes: Positive, negative (possibly neutral)

 An example review: 
 “I bought an iPhone a few days ago. It is such a nice 

phone, although a little large. The touch screen is cool. 
The voice quality is great too. I simply love it!”

 Classification: positive or negative?

 It is basically a text classification problem
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Assumption and goal

 Assumption: The doc is written by a single 
person and express opinion/sentiment on a 
single entity. 

 Reviews usually satisfy the assumption. 
 Almost all research papers use reviews

 Positive: 4 or 5 stars, negative: 1 or 2 stars

 Forum postings and blogs do not
 They may mention and compare multiple entities
 Many such postings express no sentiments
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Supervised learning (Pang et al, 2002)

 Directly apply supervised learning techniques to 
classify reviews into positive and negative. 

 Three classification techniques were tried:
 Naïve Bayes, Maximum Entropy, Support Vector 

Machines (SVM)

 Features: negation tag, unigram (single words), 
bigram, POS tag, position.

 SVM did the best based on movie reviews. 
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Features for supervised learning

 The problem has been studied by numerous 
researchers.

 Key: feature engineering. A large set of features 
have been tried by researchers. E.g., 
 Terms frequency and different IR weighting schemes
 Part of speech (POS) tags
 Opinion words and phrases
 Negations
 Syntactic dependency
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Lexicon-based approach (Taboada et al. (2011)

 Using a set of sentiment terms, called the 
sentiment lexicon
 Positive words: great, beautiful, amazing, …

 Negative words: bad, terrible awful, unreliable, …

 The SO value for each sentiment term is 
assigned a value from [−5, +5]. 
 Consider negation, intensifier (e.g., very), and 

diminisher (e.g., barely)

 Decide the sentiment of a review by aggregating 
scores from all sentiment terms
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Deep learning

 Recently, deep neural networks have been 
used for sentiment classification. E.g., 
 Socher et al (2013) used deep learning to work on 

the sentence parse tree based on words/phrases 
compositionality in the framework of distributional 
semantics

 Also related
 Irsoy and Cardie (2014) extract opinion expressions

 Xu, Liu and Zhao (2014) identify opinion and target 
relations

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            29

Review rating prediction

 Apart from classification of positive or negative 
sentiments, 
 research has also been done to predict the rating 

scores (e.g., 1–5 stars) of reviews (Pang and Lee, 
2005; Liu and Seneff 2009; Qu, Ifrim and Weikum
2010; Long, Zhang and Zhu, 2010).

 Training and testing are reviews with star ratings. 

 Formulation: The problem is formulated as 
regression since the rating scores are ordinal.

 Again, feature engineering and model building. 
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Transfer learning

 Sentiment classification is sensitive to the domain 
of the training data. 
 A classifier trained using reviews from one domain often 

performs poorly in another domain. 
 words and even language constructs used in different 

domains for expressing opinions can be quite different. 
 same word in one domain may mean positive but negative

in another, e.g., “this vacuum cleaner really sucks.” 
 (Aue and Gamon 2005; Blitzer et al 2007; Yang et al 2006; Pan et al 

2010; Wu, Tan and Cheng 2009; Bollegala, Wei and Carroll 2011; He, 
Lin and Alani 2011).
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Transfer learning

 Can we not label for every domain or at least 
not so many docs/sentences?

 Classic solution: transfer learning
 Using labeled data in a past/source domain S 

(e.g., camera) to help learning in the target 
domain T (e.g., earphone)
 T has little or no labeled data. It has unlabeled data

 If S and T are very similar, S can help.

 Not a great solution if …. 
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Transfer learning  lifelong learning
(Chen, Ma and Liu, 2015)

If we have worked on a large number of past 
domains with their data P. 
 do we need any data from T?

 No (in many cases) –
 A naive lifelong learning method works wonders.

 Improve accuracy by as much as 19% (= 80%-61%)

 Yes (in some others): e.g., we build a SC 
using P, but it works poorly for toy reviews. 
 Why?     Because of “toy.”
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Exploiting Knowledge via Penalties

 Domain dependent sentiment words

 Domain-level knowledge: If a word appears in 
one/two past domains, the knowledge associated 
with it is probably not reliable or general. .
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One result
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Cross-lingual sentiment classification

 Useful in the following scenarios: 
 E.g., there are many English sentiment corpora, but for 

other languages (e.g. Chinese), the annotated 
sentiment corpora may be limited. 

 Utilizing English corpora for Chinese sentiment 
classification can relieve the labeling burden.

 Main approach: use available language corpora to train 
sentiment classifiers for the target language data with the 
help of Machine translation
 (Banea et al 2008; Wan 2009; Wei and Pal 2010; Kim et al. 2010; 

Guo et al 2010; Mihalcea & Wiebe 2010; Boyd-Graber and Resnik
2010; Banea et al 2010; Duh, Fujino & Nagata 2011; Lu et al 2011)
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Roadmap

 Sentiment analysis problem
 Document sentiment classification
 Sentence subjectivity & sentiment classification
 Aspect-based sentiment analysis
 Aspect-based opinion summarization
 Mining comparative opinions
 Opinion lexicon generation
 Some interesting sentences
 Utility or helpfulness of reviews
 Opinion spam detection 
 Summary

Sentence sentiment analysis

 Usually consist of two steps
 Subjectivity classification (Wiebe et al 1999)

 To identify subjective sentences

 Sentiment classification of subjective sentences
 Into two classes, positive and negative

 But bear in mind
 Many objective sentences can imply sentiments

 Many subjective sentences do not express 
positive or negative sentiments/opinions
 E.g.,”I believe he went home yesterday.”
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Assumption

 Assumption: Each sentence is written by a 
single person and expresses a single positive 
or negative opinion/sentiment. 

 True for simple sentences, e.g., 
 “I like this car” 

 But not true for many compound and 
“complex” sentences, e.g., 
 “I like the picture quality but battery life sucks.” 

 “Apple is doing very well in this poor economy.”
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Subjectivity and sentiment classification
(Yu and Hazivassiloglou, 2003)

 Subjective sentence identification: a few methods 
were tried, e.g., 
 Sentence similarity.
 Naïve Bayesian classification.

 Sentiment classification (positive, negative or neutral)
(also called polarity): it uses a similar method to
(Turney, 2002), but 
 with more seed words (rather than two) and based on log-

likelihood ratio (LLR). 
 For classification of each word, it takes the average of LLR 

scores of words in the sentence and use cutoffs to decide 
positive, negative or neutral. 
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Segmentation and classification
(Wilson et al 2004)

 Since a single sentence may contain multiple 
opinions and subjective and factual clauses

 A study of automatic clause sentiment 
classification was presented in (Wilson et al 2004)

 to classify clauses of every sentence by the strength 
of opinions being expressed in individual clauses, 
down to four levels
 neutral, low, medium, and high

 Clause-level may not be sufficient 
 “Apple is doing very well in this lousy economy.”
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Supervised & unsupervised methods

 Numerous papers have been published on 
using supervised machine learning (Pang and 
Lee 2008; Liu 2012).

 Recently, deep neural networks have been used. 
E.g., Socher et al (2013) used the Deep Neural 
Network to work on the sentence parse tree 
based on words/phrases compositionality in the 
framework of distributional semantics. 

 Lexicon-based methods have been applied 
too (e.g., Hu and Liu 2004; Kim and Hovy 2004). 

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            42



22

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            43

Roadmap

 Sentiment analysis problem
 Document sentiment classification
 Sentence subjectivity & sentiment classification
 Aspect-based sentiment analysis
 Aspect-based opinion summarization
 Mining comparative opinions
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 Opinion spam detection 
 Summary
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We need to go further

 Sentiment classification at both the document 
and sentence (or clause) levels are useful, but 
 They do not find what people liked and disliked.

 They do not identify the targets of opinions, i.e., 
 Entities and their aspects 

 Without knowing targets, opinions are of limited use. 

 We need to go to the entity and aspect level.
 Aspect-based opinion mining and summarization (Hu 

and Liu 2004). 

 We thus need the full opinion definition.
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Recall the opinion definition
(Hu and Liu 2004; Liu, 2010, 2012)

 An opinion is a quintuple 

(entity, aspect, sentiment, holder, time)

where 
 entity: target entity (or object).
 Aspect: aspect (or feature) of the entity.
 Sentiment: +, -, or neu, a rating, or an emotion. 
 holder: opinion holder. 
 time: time when the opinion was expressed. 

 Aspect-based sentiment analysis
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Find entities (entity set expansion)

 Although similar, it is somewhat different from the 
traditional named entity recognition (NER). 

 E.g., one wants to study opinions on phones
 given Motorola and Nokia, find all phone brands 

and models in a corpus, e.g., Samsung, Moto, 

 Formulation: Given a set Q of seed entities of class 
C, and a set D of candidate entities, we wish to 
determine which of the entities in D belong to C. 
 A classification problem. It needs a binary decision for each 

entity in D (belonging to C or not)

 But it’s often solved as a ranking problem
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Some methods (Li et al., 2010, Zhang and Liu, 2011)

 Distributional similarity: This is the traditional 
method used in NLP. It compares the surrounding 
text of candidates using cosine or PMI. 
 It does not perform well. 

 PU learning: Learning from positive and 
unlabeled examples. 
 S-EM algorithm (Liu et al. 2002)

 Bayesian Sets: We extended the method given in 
(Ghahramani and Heller, 2005). 
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Aspect extraction

 Goal: Given an opinion corpus, extract all 
aspects

 Four main approaches:
 (1) Finding frequent nouns and noun phrases 

 (2) Exploiting opinion and target relations

 (3) Supervised learning

 (4) Topic modeling 
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(1) Frequent nouns and noun phrases
(Hu and Liu 2004)

 Nouns (NN) that are frequently mentioned 
are likely to be true aspects (frequent 
aspects).

 Why?
 Most aspects are nouns or noun phrases
 When product aspects/features are discussed, 

the words they use often converge. 
 Those frequent ones are usually the main 

aspects that people are interested in.
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Using part-of relationship and the Web
(Popescu and Etzioni, 2005)

 Improved (Hu and Liu, 2004) by removing some frequent 
noun phrases that may not be aspects. 

 It identifies part-of relationship
 Each noun phrase is given a pointwise mutual information 

score between the phrase and part discriminators
associated with the product class, e.g., a scanner class. 

 E.g., “of scanner”, “scanner has”, etc, which are used to find 
parts of scanners by searching on the Web:

,
)()(
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),(

dhitsahits

dahits
daPMI
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(2) Exploiting opinion & target relation

 Key idea: opinions have targets, i.e., opinion 
terms are used to modify aspects and entities.
 “The pictures are absolutely amazing.”
 “This is an amazing software.”

 The syntactic relation is approximated with the 
nearest noun phrases to the opinion word in (Hu 
and Liu 2004). 

 The idea was generalized to 
 syntactic dependency in (Zhuang et al 2006) 

 double propagation in (Qiu et al 2009).
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Extract aspects using DP (Qiu et al. 2009; 2011)

 Double propagation (DP)
 Based on the definition earlier, an opinion should 

have a target, entity or aspect. 

 Use dependency of opinions & aspects to 
extract both aspects & opinion words.
 Knowing one helps find the other.

 E.g., “The rooms are spacious”

 It extracts both aspects and opinion words. 
 A domain independent method. 
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The DP method

 DP is a bootstrapping method 
 Input: a set of seed opinion words, 

 no aspect seeds needed

 Based on dependency grammar (Tesniere 1959). 
 “This phone has good screen”
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Rules from dependency grammar
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The DP method again
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Select the optimal set of rules
(Liu et al., 2015)

 Instead of manually deciding a fixed set of 
dependency rules/relations as in DP,
 the paper proposed to select rules automatically. 

 based on rule induction (Liu, Hsu & Ma 1998) in ML.

 The input has all dependency relations/rules. 

 The system selects an “optimal” subset. 

 The selected rule subset performs extraction 
significantly better. 
 Some rules in DP were actually not selected. 
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Extract opinion, target and relation
(Xu, Liu and Zhao, 2014)

 An opinion relation has three components: 
 a correct opinion word, a correct opinion target 

and the linking relation between them.

 This paper proposed a deep learning 
approach to identify them.

 Due to the problem of obtaining negative 
training data, 
 It applied the idea of one-class classification. 

 Final network: One-Class Deep Neural Network
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Explicit and implicit aspects 
(Hu and Liu, 2004)

 Explicit aspects: Aspects explicitly mentioned as 
nouns or noun phrases in a sentence
 “The picture quality is of this phone is great.” 

 Implicit aspects: Aspects not explicitly mentioned 
in a sentence but are implied
 “This car is so expensive.”

 “This phone will not easily fit in a pocket.”

 “Included 16MB is stingy.” 

 Some work has been done (Su et al. 2009; Hai et al 2011)
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(3) Using supervised learning

 Using sequence labeling methods such as 
 Hidden Markov Models (HMM) (Jin and Ho, 2009) 

 Conditional Random Fields (Jakob and Gurevych, 
2010).

 Other supervised or partially supervised learning. 

 (Liu, Hu and Cheng 2005; Kobayashi et al., 
2007; Li et al., 2010; Choi and Cardie, 2010; 
Yu et al., 2011).
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Identify aspect synonyms (Carenini et al 2005) 

 Once aspect expressions are discovered, 
group them into aspect categories.
 E.g., power usage and battery life are the same. 

 Method: based on some similarity metrics, 
but it needs a taxonomy of aspects. 
 Mapping: The system maps each discovered 

aspect to an aspect node in the taxonomy. 
 Similarity metrics: string similarity, synonyms and 

other distances measured using WordNet. 
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Group aspect synonyms (Zhai et al. 2011a, b)

 Unsupervised learning: 
 Clustering: EM-based.

 Constrained topic modeling: Constrained-LDA
 By intervening Gibbs sampling.

 A variety of information/similarities are used to 
cluster aspect expressions into aspect categories.
 Lexical similarity based on WordNet

 Distributional information (surrounding words context)

 Syntactical constraints (sharing words, in the same sentence)
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EM method

 WordNet similarity

 EM-based probabilistic clustering 
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(4) Topic Modeling

 Aspect extraction has two tasks: 
 (1) extract aspect expressions 

 (2) cluster them (same: “picture,” “photo,” “image”)

 Top models such as pLSA (Hofmann 1999) and
LDA (Blei et al 2003) perform both tasks at the 
same time. A topic is basically an aspect.
 A document is a distribution over topics

 A topic is a distribution over terms/words, e.g.,
 {price, cost, cheap, expensive, …}

 Ranked based on probabilities (not shown).
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Many Related Models and Papers

 Use topic models to model aspects.

 Jointly model both aspects and sentiments

 Knowledge-based modeling: Unsupervised 
models are often insufficient
 Not producing coherent topics/aspects

 To tackle the problem, knowledge-based topic 
models have been proposed

 Guided by user-specified prior domain knowledge. 

 Seed terms or constraints
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Aspect-sentiment model (Mei et al 2007)

 This model is based on pLSA (Hofmann, 1999). 

 Build a topic/aspect model, a positive sentiment 
model, and a negative sentiment model. 

 A training data is used to build the initial models. 
 Training data: topic queries and associated positive 

and negative sentences about the topics. 

 Learned models are then used as priors to build 
the final models on the target data. 

 Solution: log likelihood and EM algorithm
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Multi-Grain LDA to extract aspects 
(Titov and McDonald, 2008)

 Unlike a diverse document set used for traditional 
topic modeling. All reviews for a product talk about 
the same topics/aspects. 
 Applying PLSA or LDA in the traditional way is problematic. 

 Multi-Grain LDA (MG-LDA) models global topics 
and local topics
 Global topics are entities (based on reviews)

 Local topics are aspects (based on local context, sliding 
windows of review sentences)
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Aspect-rating of short text (Lu et al 2009)

 This work makes use of short phrases, head 
terms (wh) and their modifiers (wm), i.e.
 (wm, wh)

 E.g., great shipping, excellent seller

 Objective: (1) extract aspects and (2) 
compute their ratings in each short comment.
 Use pLSA to extract and group aspects 

 Use existing rating for the full post to help 
determine aspect ratings. 
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Aspect-rating regression (Wang et al 2010)

 Given some seed aspects, its first step finds 
more aspect words using a heuristic 
bootstrapping method.

 Its regression model uses the review rating and 
assumes the overall review rating is a linear 
combination of its aspect ratings. 

 The problem is model as a Bayesian regression 
problem. 
 It is solved using log-likelihood and EM. 
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MaxEnt-LDA Hybrid (Zhao et al. 2010)
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Graphical model (plate)

 yd,s,n indicates
 Background word

 Aspect word, or

 Opinion word

 MaxEnt is used to 
train a model 
using training set 
 d,s,n

 xd,s,n feature vector

 ud,s,n indicates
 General or

 Aspect-specific
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Knowledge-based topic models
(Mukherjee and Liu, 2012; Chen et al., 2013)

 Unsupervised models are often insufficient
 because their objective functions may not correlate 

well with human judgments (Chang et al., 2009). 

 To tackle the problem, knowledge-based topic 
models (KBTM) have been proposed

 Guided by user-specified prior domain knowledge. 
 Seed terms (Mukherjee & Liu, 2012)

 Constraints (Chen et al., 2013)
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Graphical model (Mukherjee and Liu, 2012)
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Learning Like Humans (Chen et al., 2014)

 Knowledge-based modeling is good, but
 Knowledge provided by user and assumed correct. 

 Not automatic (each domain needs new knowledge)

 Question: Can we mine prior knowledge 
systematically and automatically? 

 Answer: Yes - use big data (many domains)

 Implication: Can learn forever, lifelong learning
 Past learning results help future learning
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Why? Topic Overlap across Domains

 Although every domain is different, there is a fair 
amount of topic/aspect overlapping across domains
 Every product review domain has the topic/aspect price, 

 Most electronic products share the topic/aspect battery

 Some products share the topic/aspect screen. 

 New domain can use past discovered aspects. 
 Topics from a single past domain can be noisy 

 But shared words in some topics from multiple past 
domains are likely to belong to the same topic.
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Topic & word sharing: an example

 We have reviews from 3 domains and each 
domain gives a topic related to price.
 Domain 1: {price, color, cost, life}

 Domain 2: {cost, picture, price, expensive}

 Domain 3: {price, money, customer, expensive}

 If we require words appear in at least two 
domains, we get two sets (i.e., knowledge):
 {price, cost} and {price, expensive}.

 Each set is likely to belong to the same topic. 
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Problem statement

 Given a large set of (big data) document 
collections 

, … , , 

learn from D to produce results S.

 Goal: Given a test collection , learn from 
with the help of S (and possibly D). 

 The results learned this way should be better than 
without the guidance of S (and D). 
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What knowledge?

 Should be in the same aspect/topic

=> Must‐Links

e.g., {picture, photo}

 Should not be in the same aspect/topic 

=> Cannot‐Links

e.g., {battery, picture}
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Lifelong Topic Modeling (LTM)
(Chen and Liu, ICML-2014)

 Must-links are mined dynamically. 

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            78



40

LTM Topic Model

 Step 1: Runs a topic model (e.g., LDA) on each 
∈ to produce a set of topics called p-topics.

 Step 2: (1) Mine prior knowledge (pk-sets) (2) use 
prior knowledge to guide modeling. 
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Model inference: Gibbs sampling 

 How to use prior knowledge (pk-sets)?
 e.g., {price, cost} & {price, expensive}

 How to tackle wrong knowledge?

 Graphical model: same as LDA

 But the model inference is very different 
 Generalized Pólya Urn Model (GPU)

 Idea: When assigning a topic t to a word w, 
also assign a fraction of t to words in prior 
knowledge sets (pk-sets) sharing with w. 
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Simple Pólya Urn model (SPU)

Generalized Pólya Urn model (GPU)

…
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Gibbs sampler for GPU 
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Experiment results
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Aspect sentiment classification

 For each aspect, identify the sentiment about it

 Work based on sentences, but also consider,
 A sentence can have multiple aspects with different opinions. 

 E.g., The battery life and picture quality are great (+), but the 
view founder is small (-).  

 Almost all approaches make use of opinion words and
phrases. But notice:
 Some opinion words have context independent orientations, 

e.g., “good” and “bad” (almost) 

 Some other words have context dependent orientations, e.g., 
“long,” “quiet,” and “sucks” (+ve for vacuum cleaner)

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            85

Aspect sentiment classification

“Apple is doing very well in this poor economy”

 Lexicon-based approach: Opinion words/phrases
 Parsing: simple sentences, compound sentences, 

conditional sentences, questions, modality verb tenses, 
etc (Hu and Liu, 2004; Ding et al. 2008; Narayanan et al. 2009).

 Supervised learning is tricky:
 Feature weighting: consider distance between word and 

target entity/aspect (e.g., Boiy and Moens, 2009)

 Use a parse tree to generate a set of target dependent 
features (e.g., Jiang et al. 2011)
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A lexicon-based method (Ding et al. 2008)

 Input: A set of opinion words and phrases. A pair (a, s), 
where a is an aspect and s is a sentence that contains a. 

 Output: whether the opinion on a in s is +ve, -ve, or neutral. 

 Two steps: 

 Step 1: split the sentence if needed based on BUT words 
(but, except that, etc). 

 Step 2: work on the segment sf containing a. Let the set of 
opinion words in sf be w1, .., wn. Sum up their orientations 
(1, -1, 0), and assign the orientation to (a, s) based on: 

where wi.o is the opinion orientation of wi. d(wi, a) is the 
distance from a to wi.



n

i
i

i

awd

ow
1 ),(

.
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Sentiment shifters (e.g., Polanyi and Zaenen 2004)

 Sentiment/opinion shifters (also called 
valence shifters are words and phrases that 
can shift or change opinion orientations. 
 Negation words like not, never, cannot, etc., are 

the most common type. 

 Many other words and phrases can also alter 
opinion orientations. E.g., modal auxiliary verbs
(e.g., would, should, could, etc)
 “The brake could be improved.” 
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Sentiment shifters (contd)

 Some presuppositional items can change 
opinions too, e.g., barely and hardly
 “It hardly works.” (comparing to “it works”)  

 It presupposes that better was expected. 

 Words like fail, omit, neglect behave similarly, 
 “This camera fails to impress me.” 

 Sarcasm changes orientation too 
 “What a great car, it did not start the first day.”

 Jia, Yu and Meng (2009) designed some rules 
based on parsing to find the scope of negation. 
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Basic rules of opinions (Liu, 2010; 2012)

 Opinions/sentiments are governed by many 
rules, e.g., (many such rules)
 Opinion word or phrase: “I love this car”

P ::= a positive opinion word or phrase 

N ::= an negative opinion word or phrase

 Desirable or undesirable facts: “After my wife and 
I slept on it for two weeks, I noticed a mountain in 
the middle of the mattress” 

P ::= desirable fact

N ::= undesirable fact
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Basic rules of opinions

 High, low, increased and decreased quantity of a
positive or negative potential item: “The battery 
life is long.” 

PO ::=  no, low, less or decreased quantity of NPI 
|     large, larger, or increased quantity of PPI 

NE ::=  no, low, less, or decreased quantity of PPI

|     large, larger, or increased quantity of NPI

NPI ::=  a negative potential item

PPI ::=  a positive potential item
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Basic rules of opinions

 Decreased and increased quantity of an 
opinionated item: “This drug reduced my pain 
significantly.”

PO ::=   less or decreased N 

|      more or increased P

NE ::=   less or decreased P

|      more or increased N 

 Deviation from the desired value range: “This drug 
increased my blood pressure to 200.”

PO ::=  within the desired value range 

NE ::=  above or below the desired value range 
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Basic rules of opinions

 Producing and consuming resources and wastes:
“This washer uses a lot of water”

PO ::=  produce a large quantity of or more resource

|     produce no, little or less waste

|     consume no, little or less resource

|     consume a large quantity of or more waste

NE ::=  produce no, little or less resource 

|     produce some or more waste

|     consume a large quantity of or more resource

|     consume no, little or less waste
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Aspect-based opinion summarization

 A multi-document summarization problem. 
 An opinion from a single person is usually not sufficient 

for action unless from a VIP (e.g., President)

 Key Idea: Use aspects as basis for summary 
 Not done in traditional text summarization. 

 We have discussed the aspect-based summary 
using quintuples earlier (Hu and Liu 2004).

 Similar approaches are also taken in 
 (e.g., Ku et al 2006; Carenini, Ng and Paul 2006) and 

many topic modeling based methods
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Text summary of opinions

 One can also generate a summary in the 
tradition fashion, e.g., producing a short text 
summary (Lerman et al 2009), 
 by extracting some important sentences, etc. 

 Weakness: It is only qualitative but not 
quantitative. 

 One can generate sentences based on 
aspects and opinions using some templates.
 E.g., 60% of the people like the picture quality. 
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Select and order sentences 
(Tata and Di Eugenio, 2010)

 If we produce summary as a list of sentences 
for each aspect and each sentiment (+ or –), 
it is useful to 
 Select a representative sentence for each group: 

 it selects a sentence that mentions fewest aspects (the 
sentence is focused). 

 Order the sentences: 
 It uses an ontology to map sentences to the ontology 

nodes (domain concepts).
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Informativeness and Readability 
(Nishikawa et al. 2010)

 It summarizes by 
considering both  
informativeness and 
readability. 

 It uses frequency f(.) of 
(aspect, opinion), but it is 
more like a traditional 
summary. 

 It is not quantitative. Note: 
Lerman et al (2009) used 
+ve/-ve proportions.

 S* is the summary
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Summarization using an ontology 
(Lu et al. Coling-2010)

 This work uses existing online ontologies of 
entities and aspects to organize opinions
 Given an entity and an online ontology of the entity

 Goal: Generate a structured summary of opinions.

 It performs
 Aspect selection to capture major opinions

 Aspect ordering that is natural for human viewing

 Suggest new aspects to add to ontology
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Summarization using an ontology (contd)

 Aspect selection
 E.g., by frequency, by opinion coverage (no 

redundancy), or by conditional entropy

 Ordering aspects and their corresponding 
sentences based on their appearance in their 
original posts, called coherence

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            100



51

Some other summarization papers

 Carenini et al. (2006) and Lerman et al. (2009) 
evaluated different summarization methods using 
human judges. 

 Contrasting views: 
 Kim and Zhai (2009): contrast opinion sentence pairs.
 Lerman and McDonald (2009): summaries to contrast 

opinions about two different products.
 Paul et al (2010) and Park et al (2011): opposing views. 
 Huang et al. (2011): contrast summaries of news. 

 Wang and Liu (2011) generated opinion summary 
for conversations.  
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Comparative Opinions 
(Jindal and Liu, 2006)

 Gradable
 Non-Equal Gradable: Relations of the type greater 

or less than
 “The sound of phone A is better than that of phone B”

 Equative: Relations of the type equal to
 “Camera A and camera B both come in 7MP”

 Superlative: Relations of the type greater or less 
than all others
 “Camera A is the cheapest in market”
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Analyzing Comparative Opinions

 Objective: Given an opinionated document d, 
Extract comparative opinions: 

(E1, E2, A, po, h, t), 
E1 and E2; entity sets being compared 

A: their shared aspects - the comparison is based on 

po: preferred entity set 

h: opinion holder

t: time when the comparative opinion is posted. 

 Note: not positive or negative opinions. 
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An example

 Consider the comparative sentence 
 “Canon’s optics is better than those of Sony and 

Nikon.” 

 Written by John in 2010. 

 The extracted comparative opinion/relation:
 ({Canon}, {Sony, Nikon}, {optics}, 

preferred:{Canon}, John, 2010)
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Common comparatives

 In English, comparatives are usually formed by 
adding -er and superlatives are formed by adding 
-est to their base adjectives and adverbs

 Adjectives and adverbs with two syllables or more 
and not ending in y do not form comparatives or 
superlatives by adding -er or -est. 
 Instead, more, most, less, and least are used before 

such words, e.g., more beautiful. 

 Irregular comparatives and superlatives, i.e., more
most, less, least, better, best, worse, worst, etc
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Some techniques (Jindal and Liu, 2006, Ding et al, 2009)

 Identify comparative sentences
 Supervised learning

 Extraction of different items
 Label sequential rules

 Conditional random fields (CRF)

 Determine preferred entities (opinions)
 Lexicon-based methods: Parsing and opinion 

lexicon
 (Yang and Ko, 2011) is similar to (Jindal and Liu 2006)
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Analysis of comparative opinions

 Gradable comparative sentences can be dealt 
with almost as normal opinion sentences.
 E.g., “optics of camera A is better than that of 

camera B”
 Positive: (camera A, optics)

 Negative: (camera B, optics)

 Difficulty: recognize non-standard comparatives
 E.g., “I am so happy because my new iPhone is nothing 

like my old slow ugly Droid.”
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Identifying preferred entities 
(Ganapathibhotla and Liu, 2008)

 The following rules can be applied
Comparative Negative ::=  increasing comparative N

|     decreasing comparative P  

Comparative Positive ::=  increasing comparative P 

|    decreasing comparative N

 E.g., “Coke tastes better than Pepsi”

 “Nokia phone’s battery life is longer than Moto phone”

 Context-dependent comparative opinion words
 Using context pair: (aspect, JJ/JJR)

 Deciding the polarity of (battery_life, longer) in a corpus
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Sentiment (or opinion) lexicon

 Sentiment lexicon: lists of words and expressions  
used to express people’s subjective feelings and 
sentiments/opinions.
 Not just individual words, but also phrases and idioms, 

e.g., “cost an arm and a leg”

 They are instrumental for sentiment analysis.

 There seems to be endless variety of sentiment 
bearing expressions. 
 We have compiled more than 6,700 individual words.

 There are also a large number of phrases. 
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Sentiment lexicon

 Sentiment words or phrases (also called polar words, 
opinion bearing words, etc). E.g., 
 Positive: beautiful, wonderful, good, amazing, 

 Negative: bad, poor, terrible, cost an arm and a leg. 

 Many of them are context dependent, not just 
application domain dependent. 

 Three main ways to compile such lists:
 Manual approach: not a bad idea, only an one-time effort
 Corpus-based approach

 Dictionary-based approach
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Corpus-based approaches

 Rely on syntactic patterns in large corpora. 
(Hazivassiloglou and McKeown, 1997; Turney, 2002; Yu 
and Hazivassiloglou, 2003; Kanayama and Nasukawa, 
2006; Ding, Liu and Yu, 2008)
 Can find domain dependent orientations (positive, negative, 

or neutral). 

 (Turney, 2002) and (Yu and Hazivassiloglou, 2003) 
are similar. 
 Assign opinion orientations (polarities) to words/phrases. 
 (Yu and Hazivassiloglou, 2003) is slightly different from 

(Turney, 2002)
 use more seed words (rather than two) and use log-

likelihood ratio (rather than PMI). 
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Corpus-based approaches (contd)

 Sentiment consistency: Use conventions on 
connectives to identify opinion words (Hazivassiloglou 
and McKeown, 1997). E.g., 

 Conjunction: conjoined adjectives usually have the 
same orientation. 

 E.g., “This car is beautiful and spacious.” (conjunction)

 AND, OR, BUT, EITHER-OR, and NEITHER-NOR have 
similar constraints.

 Learning using
 log-linear model: determine if two conjoined adjectives are of 

the same or different orientations. 

 Clustering: produce two sets of words: positive and negative
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Context dependent opinion

 Find domain opinion words is insufficient. A word 
may indicate different opinions in same domain. 
 “The battery life is long” (+) and “It takes a long time 

to focus” (-).

 Ding, Liu and Yu (2008) and Ganapathibhotla and 
Liu (2008) exploited sentiment consistency (both 
inter and intra sentence) based on contexts
 It finds context dependent opinions. 

 Context: (adjective, aspect), e.g., (long, battery_life)

 It assigns an opinion orientation to the pair. 
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The Double Propagation method 
(Qiu et al 2009, 2011)

 The same DP method can also use dependency 
of opinions & aspects to extract new opinion 
words.

 Based on dependency relations
 Knowing an aspect can find the opinion word that 

modifies it
 E.g., “The rooms are spacious”

 Knowing some opinion words can find more opinion 
words
 E.g., “The rooms are spacious and beautiful”
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Opinions implied by objective terms 

 Most opinion words are “subjective words,” e.g., 
good, bad, hate, love, and crap. 

 But objective nouns can imply opinions too.
 E.g., “After sleeping on the mattress for one month, a 

valley/body impression has formed in the middle.”

 Resource usage descriptions may also imply 
opinions (as mentioned in rules of opinions)
 E.g., “This washer uses a lot of water.”

 See (Zhang and Liu, 2011a; 2011b) for details. 
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Dictionary-based methods

 Typically use WordNet’s synsets and hierarchies to 
acquire opinion words
 Start with a small seed set of opinion words.

 Bootstrap the set by searching for synonyms and antonyms 
in WordNet iteratively (Hu and Liu, 2004; Kim and Hovy, 
2004; Kamps et al 2004).

 Use additional information (e.g., glosses) from 
WordNet (Andreevskaia and Bergler, 2006) and learning 
(Esuti and Sebastiani, 2005). (Dragut et al 2010) uses a set 
of rules to infer orientations. 
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Semi-supervised learning 
(Esuti and Sebastiani, 2005) 

 Use supervised learning
 Given two seed sets: positive set P, negative set N

 The two seed sets are then expanded using synonym 
and antonymy relations in an online dictionary to 
generate the expanded sets P’ and N’. 

 P’ and N’ form the training sets. 

 Using all the glosses in a dictionary for each 
term in P’  N’ and converting them to a vector

 Build a binary classifier
 Tried various learners. 
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Which approach to use?

 Both corpus and dictionary based approaches 
are needed.

 Dictionary usually does not give domain or 
context dependent meaning
 Corpus is needed for that

 Corpus-based approach is hard to find a very 
large set of opinion words
 Dictionary is good for that

 In practice, corpus, dictionary and manual 
approaches are all needed. 
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Some interesting sentences 

 “Trying out Chrome because Firefox keeps crashing.”

 Firefox - negative; no opinion about chrome. 

 We need to segment the sentence into clauses to 
decide that “crashing” only applies to Firefox(?). 

 But how about these
 “I changed to Audi because BMW is so expensive.”

 “I did not buy BWM because of the high price.”

 “I am so happy that my iPhone is nothing like my 
old ugly Droid.”
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Some interesting sentences (contd)

 The following two sentences are from reviews 
in the paint domain.
 “For paintX, one coat can cover the wood color.”

 “For paintY, we need three coats to cover the 
wood color. 

 We know that paintX is good and paintY is 
not, but how, by a system.
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Some interesting sentences (contd)

 Conditional sentences are hard to deal with 
(Narayanan et al. 2009)

 “If I can find a good camera, I will buy it.” 

 But conditional sentences can have opinions
 “If you are looking for a good phone, buy Nokia”

 Questions are also hard to handle
 “Are there any great perks for employees?”

 “Any idea how to fix this lousy Sony camera?”
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Some interesting sentences (contd)

 Sarcastic sentences
 “What a great car, it stopped working in the 

second day.”

 Sarcastic sentences are common in political 
blogs, comments and discussions. 
 They make political opinions difficult to handle

 Some initial work by (Tsur, et al. 2010)

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            125

Some more interesting sentences

 “My goal is to get a tv with good picture quality” 

 “The top of the picture was brighter than the bottom.”

 “When I first got the airbed a couple of weeks ago it 
was wonderful as all new things are, however as the 
weeks progressed I liked it less and less.”

 “Google steals ideas from Bing, Bing steals market 
shares from Google.”
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Opinion mining is hard!

 “This past Saturday, I bought a Nokia phone 
and my girlfriend bought a Motorola phone 
with Bluetooth. We called each other when we 
got home. The voice on my phone was not so 
clear, worse than my previous Samsung 
phone. The battery life was short too. My 
girlfriend was quite happy with her phone. I 
wanted a phone with good sound quality. So 
my purchase was a real disappointment. I 
returned the phone yesterday.”
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Utility or quality of reviews

 Goal: Determining the usefulness, 
helpfulness, or utility of each review. 
 It is desirable to rank reviews based on utilities or 

qualities when showing them to users, with the 
highest quality review first. 

 Many review aggregation sites have been 
practicing this, e.g., amazon.com. 
 “x of y people found the following review helpful.” 

 Voted by user - “Was the review helpful to you?”
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Application motivations

 Although review sites use helpfulness 
feedback to rank, 
 A review takes a long time to gather enough 

feedback.
 New reviews will not be read. 

 Some sites do not provide feedback information.

 It is thus beneficial to score each review once 
it is submitted to a site.  
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Regression formulation 
(Zhang and Varadarajan, 2006;  Kim et al. 2006)

 Formulation: Determining the utility of reviews 
is usually treated as a regression problem. 
 A set of features is engineered for model building

 The learned model assigns an utility score to each 
review, which can be used in review ranking. 

 Unlike fake reviews, the ground truth data 
used for both training and testing are available
 Usually the user-helpfulness feedback given to 

each review. 
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Features for regression learning

 Example features include 
 review length, review rating, counts of some POS tags, 

opinion words, tf-idf scores, wh-words, product aspect 
mentions, comparison with product specifications, 
timeliness, etc (Zhang and Varadarajan, 2006;  Kim et 
al. 2006; Ghose and Ipeirotis 2007; Liu et al 2007)

 Subjectivity classification was applied in (Ghose
and Ipeirotis 2007).

 Social context was used in (O’Mahony and Smyth 
2009; Lu et al. 2010). 
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Classification formulation

 Binary classification: Instead of using the 
original helpfulness feedback as the target or 
dependent variable, 
 Liu et al (2007) performed manual annotation of 

two classes based on whether the review 
evaluates many product aspects or not. 

 Binary class classification is also used in 
(O’Mahony and Smyth 2009)

 Classes: Helpful and not helpful

 Features: helpfulness, content, social, and opinion
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Opinion spamming
(Jindal and Liu, 2007, 2008)

 Opinion spamming refers to people giving fake 
or deceptive reviews/opinions, e.g., 
 Write undeserving positive reviews for some target 

entities in order to promote them.

 Write unfair or malicious negative reviews for some 
target entities in order to damage their reputations.

 Motivation: positive opinions mean profits and 
fame for businesses and individuals

 Writing fake reviews has become a business
 e.g., reputation management firms
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Is this review fake or not?

I want to make this review in order to comment on the excellent 
service that my mother and I received on the Serenade of the 
Seas, a cruise line for Royal Caribbean. There was a lot of 
things to do in the morning and afternoon portion for the 7 days 
that we were on the ship. We went to 6 different islands and saw 
some amazing sites! It was definitely worth the effort of planning 
beforehand. The dinner service was 5 star for sure. One of our 
main waiters, Muhammad was one of the nicest people I have 
ever met. However, I am not one for clubbing, drinking, or 
gambling, so the nights were pretty slow for me because there 
was not much else to do. Either than that, I recommend the 
Serenade to anyone who is looking for excellent service, 
excellent food, and a week full of amazing day-activities!
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What about this?

The restaurant is located inside of a hotel, but do not let that 
keep you from going! The main chef, Chef Chad, is absolutely 
amazing! The other waiters and waitresses are very nice and 
treat their guests very respectfully with their service (i.e. 
napkins to match the clothing colors you are wearing). We 
went to Aria twice in one weekend because the food was so 
fantastic. There are so many wonderful Asian flavors. From 
the plating of the food, to the unique food options, to the fresh 
and amazing nan bread and the tandoori oven that you can 
watch as the food is being cooked, all is spectacular. The 
atmosphere and the space are great as well. I just wished we 
lived closer and could dine there more frequently because it is 
quite expensive.
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Detecting fake reviews is hard

 For fake reviews (opinion spam in general),
 when you see it, you don’t know it

 very hard to evaluate!!!

 If one writes carefully, there is almost no way 
to identify them by their content. 

 Logically impossible! 
 I write a truthful 5-star review for a good hotel.

 But I post the review to another hotel that I want 
to promote.
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A Study of Amazon Reviews

 June 2006 Crawl:  5.8mil reviews, 1.2mil 
products and 2.1mil reviewers.
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Spam detection (Jindal and Liu 2008)

 Manual labeling fake reviews is extremely hard

 Propose to use duplicate and near-duplicate 
reviews as positive training data

 Same userid, same product

 Different userid, same product

 Same userid, different products               Fake

 Different userid, different products

 Logistic regression
 Training: duplicates as spam reviews (positive) 

and the rest as non-spam reviews (negative)
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Supervised model building

 Review centric features (content)
 About reviews (contents (n-grams), ratings, etc)

 Reviewer centric features
 About reviewers (different unusual behaviors)

 Product centric features
 Features about products reviewed (sale rank, etc)

Bing Liu @ Sentiment Anlaysis Symposium, July 15-16, 2015            141

State-of-the-Art Supervised 
Learning Approaches

 AUC = 0.78 assuming duplicate reviews as 
fake [Jindal & Liu, 2008]. Duplicate reviews 
as fake is incomplete and a naïve assumption

 F1 = 0.63 using manually labeled fake 
reviews [Li et al., 2011]. Manual labeling of 
fake reviews is unreliable.

 Accuracy = 90% using n-grams on Amazon 
Mechanical Turk (AMT) crowdsourced fake 
reviews [Ott et al., 2011]. 
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N-gram Features on Yelp Fake 
Reviews (Mukherjee et al. 2013)
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Why? Information theoretic analysis
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Word-wise difference (ΔKLWord) across top 200 words

1. Turkers did not do a good job at Faking

2. Yelp Spammers are smart but overdid Faking!

Using behavioral features
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Classification results: behavioral (BF) and n-
gram features
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Finding unexpected rules (Jindal, Liu, Lim 2010)

 Finding unexpected rules and rule groups that 
show atypical behaviors. 

 For example, if a reviewer wrote all positive 
reviews on products of a brand but all negative 
reviews on a competing brand …

Rule0: Reviewer=1 -> positive (confid = 60%)

Rule1: Reviewer=1, brand=1 -> positive (confid=100%)

Rule2: Reviewer=1, brand=2 -> negative (confid=100%)
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Attribute unexpectedness
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Confidence unexpectedness

Rule: reviewer=1, brand=1  positive [sup = 0.1, conf = 1]

 If we find that on average reviewers give 
brand=1 only 20% positive reviews 
(expectation), then reviewer=1 is quite 
unexpected.
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Detection using review graph 
(Wang et al., 2011)

 The graph captures the relationships of 
reviewers, reviews and stores and model 
spamming clues.

 Relationships: 
 A reviewer is more trustworthy if he/she has written 

more honest reviews

 A store is more reliable if it has more positive reviews 
from trustworthy reviewers 

 A review is more honest if it is supported by many 
other honest reviews.
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Definitions and equations

 Trustiness of a reviewer r

 Honesty of a review v

 Reliability of store s
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Detecting group spam (Mukherjee et al WWW-2012) 

 A group of people (could be a single person with 
multiple ids) work together to promote a product 
or to demote a product. 

 Such spam can be very damaging as
 they can take total control of sentiment on a product

 The algorithm has three steps
 Frequent pattern mining: find groups of people who 

reviewed a number of products together.

 A set of feature indicators are identified

 Ranking is performed using a relational model  
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Identify multiple ids of the same author
(Qian and Liu, 2013)

 Problem statement: Given a set of userids ID = 
{id1, …, idn} and each idi has a set of documents 
Di (e.g., reviews), we want to identify userids that 
belong to the same physical author.

 Main Challenge: Since some of the userids may 
belong to the same authors, we cannot treat 
each userid as a class for classification

 This paper proposed a learning method that 
learning in the similarity space rather than the 
original n-gram feature space.
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Roadmap

 Sentiment analysis problem
 Document sentiment classification
 Sentence subjectivity & sentiment classification
 Aspect-based sentiment analysis
 Aspect-based opinion summarization
 Mining comparative opinions
 Opinion lexicon generation
 Some interesting sentences
 Utility or helpfulness of reviews
 Opinion spam detection 
 Summary
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Summary

 This tutorial presented
 The problem of sentiment analysis

 It provides a structure to the unstructured text.

 Main research directions and their representative 
techniques. 

 By no means exhaustive: a large body of work.

 Still many problems not attempted or studied. 

 None of the subproblems is solved. 
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Summary (contd)

 It is a fascinating NLP or text mining problem. 
 Every sub-problem is highly challenging.

 But it is also restricted (semantically). 

 Despite the challenges, applications are 
flourishing!
 It is useful to every organization and individual.

 The general NLU is probably too hard, but 
can we solve this highly restricted problem?
 We have a good chance. 
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More details and references

 (New book) B. Liu. Sentiment Analysis: Mining 
Opinions, Sentiments, and Emotions. Cambridge 
University Press, June, 2015.

 B. Liu. Sentiment Analysis and Opinion Mining. 
Morgan & Claypool publishers. May, 2012. 
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Thank you

Q&A


