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Example 1 ï A Wikipedia Entry 
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Example 2 ï A Milo Product Review 
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Facts vs. Opinions 

ÅFacts: objective expressions about entities, events and 

their attributes, e.g. ñI bought an iPhone yesterdayò 

ÅOpinions: subjective expressions of sentiments, 

attitudes, emotions, appraisals or feelings toward 

entities, events and their attributes, e.g. ñI really love this 

new cameraò 
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Facts vs. Opinions ï An Article from NYT 

Å http://www.nytimes.com/2009/08/24/technology/internet/24emotion.html?_r=2&pagewanted=all 

 

http://www.nytimes.com/2009/08/24/technology/internet/24emotion.html?_r=2&pagewanted=all
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Some Exceptions! 

ÅNot all subjective sentences contain opinions, e.g.  

ïñI want a phone with good voice qualityò 

ÅNot all objective sentences contain no opinions, e.g. 

ïñThe earphone broke in just two days!ò 
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History of Sentiment Analysis 

ÅIndividuals relied on a circle of  

ïFamily 

ïFriends 

ïColleagues 

ÅOrganizations used 

ïPolls 

ïSurveys 

ïFocus groups 

ÅSentiment analysis is growing rapidly 
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Why Now? 

ÅWWW has facilitated user-generated content 

ïe-commerce sites 

ïForums 

ïDiscussion groups 

ïBlogs 

ïTwitter, etc. 

ÅAdvances in NLP and text-processing 

ÅDistributed computing: e.g. Hadoop, Cloud 

ÅOur focus: automatically mining opinions, challenging but useful 



Opinions and Market Research 

http://www.fastcompany.com

/blog/kevin-

randall/integrated-

branding/market-research-

30-here-attitudes-meet-

algorithms-sentiment-

a?partner=rss is from a 

market-researcherôs 

perspective 
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Practical Applications ï Business & 

Organizations 

ÅBrand analysis 

ÅMarketing 

ÅCustomer voice: e.g. products, tourism 

ÅEvent monitoring, e.g. site outage 

ÅCommercial examples 

ïRadian6 

ïLexalytics 

http://www.radian6.com/
http://www.lexalytics.com/
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Practical Applications ï Individuals 

ÅShopping research, e.g. product reviews 
ï http://www1.epinions.com/prices/Canon_PowerShot_SD1300_IS_IXUS_105_Digital_Camera 

 

http://www1.epinions.com/prices/Canon_PowerShot_SD1300_IS_IXUS_105_Digital_Camera
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Practical Applications ï Individuals (cont.) 

ÅSeeking out opinions on topics such as finance 
ï http://community.nytimes.com/comments/bucks.blogs.nytimes.com/2011/03/10/where-all-the-mortgage-documents-

go/?scp=2&sq=refinance%20a%20loan&st=cse 

http://community.nytimes.com/comments/bucks.blogs.nytimes.com/2011/03/10/where-all-the-mortgage-documents-go/?scp=2&sq=refinance a loan&st=cse
http://community.nytimes.com/comments/bucks.blogs.nytimes.com/2011/03/10/where-all-the-mortgage-documents-go/?scp=2&sq=refinance a loan&st=cse
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Practical Applications ï Advertising  

ÅPlacing ads in user-generated content 
ï http://www.zurich-hotels-booker.com/why-get-a-canon-powershot-a1200-98757.html 
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Practical Applications ï Opinion Search  

ÅProviding general search for opinions, not facts 

ÅTons of social media applications 

ïTED 

ïTWECAN 

ïSocialMention 

ïTweetSentiments 

http://recovery.doi.gov/press/us-geological-survey-twitter-earthquake-detector-ted/
http://twecan.com/
http://socialmention.com/
http://twittersentiment.appspot.com/
http://socialmention.com/
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Opinion Search ï One More Example 
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The Problem 

ÅA review example: (1) I bought an iPhone a few days ago. (2) It 

was such a nice phone. (3) The touch screen was really cool. (4) 

The voice quality was clear too. (5) Although the battery life was not 

long, that is ok for me. (6) However, my mother was mad with me as 

I did not tell her before I bought it. (7) She also thought the phone 

was too expensive, and wanted me to return it to the shop. . . . 

ÅFacts vs. opinions 

ÅOpinions have targets (objects and their attributes) on 

which opinions are expressed 
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Definitions 

ÅObject: an entity that can be a product, service, individual, 
organization, event, or topic, e.g. iPhone 

ÅAttribute: an object usually has two types of attributes 

ïComponents, e.g. battery, keypad/touch screen 

ïProperties, e.g. size, weight, color, voice quality 

ÅExplicit and implicit attributes 
ïExplicit attributes: those appearing in the opinion, e.g. ñthe battery 

life of this phone is too shortò 

ïImplicit attributes: those not appearing in the opinion, e.g. ñthis 
phone is too largeò (on attribute size) 

ÅOpinion holder: the person or organization that expresses the opinion 

ÅOpinion orientation (polarity): positive, negative, or neutral 

ÅOpinion strength: level/scale/intensity of opinion indicating how 
strong it is, e.g. contented Ą happy Ą joyous Ą ecstatic 
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Key Elements of an Opinion 

ÅOpinion: a person or organization that expresses a positive or 

negative sentiment on a particular attribute of an object at a certain 

time 

ÅQuintuple: <object, attribute, orientation, opinion holder, 

time> 

ïSome information may be implied due to pronouns, context, or 

language conventions 

ïSome information available from document attributes 

ïIn practice, not all five elements are needed 



21 

Direct vs. Comparative Opinions 

ÅDirect opinion: sentiment expressions on one or more attributes 

of an object, e.g. products, services, events 

ïñThe voice quality of this phone is fantasticò 

ïñAfter taking this medicine, my left knee feels worseò 

ÅComparative opinion: relations expressing similarities or 

differences between two or more objects based on some of the 

shared attributes of the objects, e.g. 

ïñThe voice quality of camera x is better than that of camera yò 

ÅThere are some difficult cases which are not covered, 

e.g. ñThe view finder and the lens of the camera are too 

close to each otherò 
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Explicit vs. Implicit Opinions 

ÅSentence subjectivity: an objective sentence expresses some 

factual information about the world, while a subjective sentence 

expresses some personal feelings or beliefs 

ÅExplicit opinion: an opinion on an attribute explicitly expressed in 

a subjective sentence, e.g. 

ïñThe voice quality of this phone is amazingò 

ïñThis camera is too heavyò 

ÅImplicit opinion: an opinion on an attribute implied in an objective 

sentence, e.g. 

ïñThe headset broke in two daysò 

ïñPlease bring back the old searchò 
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Outline 

1. Introduction 

2. Sentiment Identification & Classification 

3. Key Applications 

4. Examples 

5. Conclusions 
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A Product Review Example 

ÅAn epinions.com product review for Canon PowerShot 

SD1300 IS / Digital IXUS 105 Digital Camera 

 ñMy Canon Powershot takes great pictures! é My friend had 

gotten one about a year ago and she loves it. So, after seeing her 

enthusiasm about it I decided to get one and I will never go back 

to any other camera. I absolutely love this camera. I believe that 

every person on Earth should own one of these. é It is amazing! 

... There is not one thing I hate about this product, which is 

strange because I am a very picky person! éò 

ÅWhat do we see in this example? 

http://www.epinions.com/review/Canon_PowerShot_SD1300_IS_IXUS_105_Digital_Camera/content_540228619908
http://www.epinions.com/review/Canon_PowerShot_SD1300_IS_IXUS_105_Digital_Camera/content_540228619908
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Sentiment Analysis Tasks 

ÅGoal: identify and classify opinions 

ÅTask 1. Sentiment identification (Subjectivity 

identification): identify whether a piece of text expresses 

opinions 

ÅTask 2. Sentiment orientation classification: determine 

the orientation of an opinionated text 
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Sentiment Analysis Levels 

ÅDocument-level: identify if the document (e.g. product 

reviews, blogs, forum posts) expresses opinions and 

whether the opinions are positive, negative, or neutral 

ÅSentence-level: identify if a sentence is opinionated and 

whether the opinion is positive, negative, or neutral 

ÅAttribute-level: extract the object attributes (e.g. image 

quality, zoom size) that are the subject of an opinion and 

the opinion orientations 

ÅAs the object becomes more granular, the 

intensity/difficulty increases 



27 

Document-level Sentiment Analysis 

ÅTasks: identify if the document expresses opinions and if 
yes classify the document into positive, negative, or 
neutral based on the overall sentiments expressed by 
opinion holders 

ÅAssumptions:  

ïthe document is opinionated on a single object 

ïthe opinions are from a single opinion holder 

ÅSimilar to but different from topic-based text 
classification 

ïIn topic-based text classification, topic words are important 

ïIn sentiment classification, opinion words are more important, 
e.g. wonderful, fabulous, terrible 
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Opinion Words 

ÅAlso known as polarity words, sentiment words, opinion 

lexicon, or opinion-bearing words, e.g. 

ïPositive: wonderful, elegant, amazing 

ïNegative: horrible, disgusting, poor 

ÅBase type (examples above) and comparative type (e.g. 

better, worse) 

ÅHow to generate them: more on this later 
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A Simple Method ï Counting Opinion Words 

ÅOpinion/polarity words: dominating indicators of 
sentiments, especially adjectives, adverbs, and verbs, 
e.g. ñI absolutely love this camera. It is amazing!ò. 

ÅPre-defined opinion words: good, terrible, é (more on 
this later) 

ÅAssign orientation score (+1, -1) to all words 

ïPositive opinion words (+1): great, amazing, love 

ïNegative opinion words (-1): horrible, hate 

ïStrength value [0, 1] can be used too 

ÅThe orientation score of the document is the sum of 
orientation scores of all opinion words found 

ïThe previous review has an orientation score of 4 ï 1 = 3 
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Rule-based Method 

ÅIs simply counting opinion words good enough? No! 

ïñThere is not one thing I hate about this productò Ą Wrong 

ÅWe need to handle negation: ñnot é hateò implies like 

ïSimple rules can be manually created 

Åñnot é negativeò Ą positive 

Åñnever é negativeò Ą positive 

ïThe previous review has a score of 4 + 1 = 5 

ïNote: negation needs to be handled with care, e.g. ñnotò in ñnot 

only é but alsoò does not change the orientation 
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Terminology 

ÅPattern/rule: a sequence of tokens 

ÅToken: an abstraction of a word, represented using 

lemma of a word, polarity tag, or Part Of Speech (POS) 

[Brill, CANLP1992] tag. Two special tokens: 

ïTOPIC: an attribute, e.g. size, weight 

ïGAP_digit_digit: how many words can be skipping between two 

tokens to allow more tolerant matching, e.g. GAP_1_2 

ÅPolarity tag: positive, negative, neutral, NOT (negation) 

ÅPOS tag: NN (noun), VB (verb), JJ (adjective), RB 

(adverb), IN (preposition) é 
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Basic Opinion Rules ï Label Sequential 

Pattern (LSP) Matching 

ÅSubject {like | adore | want | work} TOPIC Ą positive, e.g. 

ïñI like the old cameraò 

ÅSubject {is | are} {great | fantastic | simple | easy} Ą positive, e.g. 

ïñThis camera is fantasticò 

ÅTOPIC GAP_0_3 NOT work Ą negative, e.g. 

ïñThe new search still does not workò 

ÅPlease do NOT VB Ą negative, e.g. 

ïñPlease do not roll out this new search!ò 

ÅNOT GAP_0_3 {want | think | believe | need | get} Ą negative, e.g. 

ïñI do not want large size pictures in the Gallery windowò 

Å{get | bring | give | put | change} GAP_0_3 TOPIC GAP_0_3 back Ą 
positive 

ïñPlease put the old search and browse back!ò 
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Limitation of Rule-based System 

ÅAn expensive task: 

ïOnly a limited number of opinion words can be found 

ïOnly a limited number of patterns can be created 

ÅCan we automate the task with limited manual work? 

e.g. find opinion words and their orientations 

automatically 
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Automatically Finding Opinion Words [Turney, ACL2002] 

ÅData: reviews from epinions.com on automobiles, banks, 
movies and travel destinations 

ÅStep 1. perform part of speech (POS) tagging and extract 
phrases containing adjectives and adverbs based on 
manually specified patterns 
Table 1. Patterns of POS tags for extracting two-word phrases 

 

 

 

 

 

 

 

ïe.g. extract two consecutive words if the first word is adjective, the 
second is a noun and the third (which is not extracted) is anything: 
ñthis camera produces beautiful picturesò 
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Pointwise Mutual Information (PMI) 

ÅStep 2. estimate the orientation of each extracted phrase 

using the PMI measure 

ïPMI is the amount of information that we acquire about the 

presence of one of the words when we observe the other 

 

 

 

 

ïThe opinion orientation (OO) of a phrase is computed based on 

its association with the positive reference word ñexcellentò and its 

association with the negative reference word ñpoorò 
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PMI (cont.) 

ÅEstimate probabilities with number of hits of search query 

ïFor each search query, search engine returns the number of 

relevant documents to the query, which is the number of hits 

ÅTurney used AltaVista which had a NEAR operator, 

which constrains the search to documents that contain 

the words within 10 words of one another, in either order 

 

ÅExamples: 

ïñlow feesò, ñJJ NNSò, 0.333 

ïñunethical practicesò, ñJJ NNSò, -8.484 

ïñlow fundsò, ñJJ NNSò, -6.843 
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Sentiment Orientation Classification 

ÅStep 3. Compute the average semantic orientation of all 

phrases in the review 

ïClassify as positive (recommended) or negative (not 

recommended) based on the sign of the average 

ïFinal classification accuracy: 

ÅAutomobiles ï 84% 

ÅBanks ï 80% 

ÅMovies ï 66% 

ÅTravel destinations ï 71% 

 Note: Recent variations use more than two words to determine the 

orientation 
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Polarity Words Generation 

ÅManual: effective but expensive 

ÅDictionary-based: use a seed list and grow the list, e.g. 

ïSentiWordNet 

ÅCorpus-based: rely on syntactic or co-occurrence 

patterns in large text corpora [Hazivassiloglou & McKeown, ACL1997; Turney, 

ACL2002; Yu & Hazivassiloglou, EMNLP2003, Kanayama & Nasukawa, EMNLP2006; Ding & Liu, SIGIR2007] 

http://sentiwordnet.isti.cnr.it/


ANEW: Affective Norms for English Words 

http://csea.phhp.ufl.edu/media/anewmessage.html is specific to English 

http://csea.phhp.ufl.edu/media/anewmessage.html
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Dictionary-based Approach ï Bootstrapping 

ÅStep 1. manually collect a small set of opinion words with 

known orientations 

ï{glad} 

ÅStep 2. search an online dictionary (e.g. WordNet [FellbaumC1998]) 

for their synonyms and antonyms to grow the word set [Hu & Liu, 

KDD2004; Kim & Hovy, COLING2004] 

ï{glad, happy, joyful, delighted}; {sad, unhappy, sorry, heart-broken} 

ÅRepeat steps 1 & 2 until no more new words are found 

ÅFinally, manual inspection may be done for correction 

ÅAdditional information (e.g. glosses) from WordNet [Andreevskaia & 

Bergler, EACL2006] can be used 

 

 

http://wordnet.princeton.edu/
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Limitations of Dictionary-based Approach 

ÅCannot identify context-dependent opinion words 

ÅExample 1: small 

ïñthe LCD screen is too smallò vs. 

ïñthe camera is very small and easy to carryò 

ÅExample 2: long 

ïñit takes a long time to focusò vs.  

ïñthe battery life is longò 
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Corpus-based Approach 

ÅRely on syntactic or co-occurrence patterns in large text 

corpora [Hazivassiloglou & McKeown, ACL1997; Turney, ACL2002; Yu & Hazivassiloglou, EMNLP2003, 

Kanayama & Nasukawa, EMNLP2006; Ding & Liu, SIGIR2007] 

ÅCan find domain dependent orientations and/or context 

dependent ones! 
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An Example ï Predicting the Sentiment 

Orientations of Adjectives [Hazivassiloglou & McKeown, ACL1997] 

ÅStart with a list of seed opinion adjective words 

ÅUse linguistic constraints on connectives to identify additional 
adjective opinion words and their orientations 

ïSentiment consistency: conjoined adjectives usually have the same 
orientations Ą This car is beautiful and spacious. (if beautiful is 
positive, then spacious is positive too) 

ïRules can be designed for different connectives: AND, OR, BUT, 
EITHER-OR, NEITHER-NOR 

ÅUse log-linear model to determine if two conjoined adjectives 
are of the same or different orientations 

ÅUse clustering to produce two sets of words, i.e. positive and 
negative 

ÅData corpus: 21 million words from 1987 Wall Street Journal 
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Another Example ï Handling Context 

Dependency [Ding & Liu, 2007, Lu et al, WWW2011] 

ÅFinding domain opinion words is NOT sufficient 

ïone word may indicate different opinions in the same domain, 

e.g. ñThe battery life is longò vs. ñIt takes a long time to focusò. 

ÅOpinion context idea: use pairs of (object_attribute, 

opinion_word) 

ÅDetermining opinion words and their orientations 

together with the object attributes 

ÅIt can be used without a large corpus 
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Manual Ą Automated: Can We Learn from 

Examples? 
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Supervised Learning 

Training documents Machine Learning 

 
Classifier 

New/test 

documents 
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Supervised Learning (cont.) 

ÅA machine learning technique: find patterns in known 

examples and apply to new documents 

ïTraining and testing examples 

ïA set of data features to represent documents 

ÅLearning goal: target classes (e.g. positive vs. negative) 

ÅProduct reviews domain is very common 

ïPositive: 4-5 stars (thumbs up) 

ïNegative: 1-2 stars (thumbs down) 
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Supervised Learning ï Feature Extraction 

ÅTerms and their frequency 

ïUnigram and more general n-grams 

ïWord position information 

ïTerm Frequency ï Inverse  Document Frequency (TFIDF) weighting 

ÅPart of speech tags: adjectives are usually important indicators of 

subjectivities and opinions 

ÅSyntactic dependency, e.g. 

ïsyntactic parsing tree 

 

 

 

 

ÅFor a more comprehensive survey of attributes, see [Pang and Lee, FATIR2008] 

http://incubator.apache.org/opennlp/
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Popular Supervised Learning Methods 

ÅNaïve Bayes (NB): 

ïA simple probabilistic classifier based on applying Bayes' 
theorem with strong (naive) independence assumptions 

ÅMaximum Entropy (ME) 

ïA probabilistic model that estimates the conditional distribution of 
the class label 

ÅSupport Vector Machines (SVM) [Pang et al, EMNLP2002] 

ïA representation of the examples as points in space in which 
support vectors are computed to provide a best division of 
points/examples into categories 

ÅLogistic Regression (LR) Model [Pang & Lee, ACL 2005] 

ïA LR model predicts the classes from a set of variables that may 
be continuous, discrete, or a mixture 

http://en.wikipedia.org/wiki/Bayes'_theorem
http://en.wikipedia.org/wiki/Bayes'_theorem
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Domain Dependency Issue 

ÅA classifier trained using opinionated documents from 

domain A often performs poorly when tested on documents 

from domain B 

ÅReason1: words used in different domains can be 

substantially different, e.g. 

ïCars vs. movies; 

ïCameras vs. Strollers 

ÅReason 2: some words mean opposite in two domains, e.g.  

ïñunpredictableò may be negative in a car review, but positive in a 

movie review [Turney, ACL2002] 

ïñcheapò may be positive in a travel/lodging review, but negative in a 

toys review 
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Domain Adaptation 

ÅA well studied problem [Aue & Gamon, RANLP2005; Blitzer et al, ACL 2007; Yang et al, 

TREC2006] 

ïStep 1. Use labeled data from one domain and unlabeled data 

from both source the target domain and general opinion words as 

features 

ïStep 2. Choose a set of pivot features which occur frequently in 

both domains 

ïStep 3. Model correlations between the pivot features and all 

other features by training linear pivot predictors to predict 

occurrences of each pivot in the unlabeled data from both 

domains 
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Sentence-level Sentiment Analysis 

ÅDocument level sentiment analysis is too coarse for most 

applications, J or L? e.g. 

ïñI bought a new X phone yesterday. The voice quality is super 

and I really like it. However, it is a little bit heavy. Plus, the key 

pad is too soft and it doesnôt feel comfortable. I think the image 

quality is good enough but I am not sure about the battery lifeéò 

ÅTask: determine whether a sentence s is subjective or objective, 

and if s is subjective, determine whether its orientation is positive or 

negative 

ÅAssumptions:  

ïthe sentence is opinionated on a single object 

ïthe opinion is from a single opinion holder 
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Learning Syntactic Patterns [Riloff & Wiebe, EMNLP2003] 

ÅFirst, use high prevision but low recall classifiers to 
automatically identify some subjective and objective 
sentences 
ïA subjective classifier: the sentence contains two or more strong 

subjective clues 

ïAn objective classifier: the sentence contains no strong subjective 
clues 

ïBased on manually collected single words and n-grams, which are 
good subjective clues 

ÅSecond, learn a set of patterns from subjective and objective 
sentences identified above 
ïSyntactic templates are used to restrict the kinds of patterns to be 

discovered, e.g. <subject> active-verb Ą the customer complained 

ÅThird, the learned patterns are used to extract more 
subjective and objective sentences (the process can be 
repeated) 
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Attribute-level Sentiment Analysis 

ÅA positive/negative document does not mean the author 

likes/dislikes all attributes of the object [from Bing Liuôs chapter on sentiment 
analysis] 

 

 

 

 

 

 

ÅAttributes can be product properties, important topics, etc. 
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Topic Identification ï Pre-defined 

ÅObtain topics from database, e.g. product properties 
(image size, quality, weight) 

ÅIdentify related topics, e.g. 
ïñthe pictures are very clearò Ą explicit attribute: picture 

ïñIt is small enough to fit easily in a coat pocket or purseò Ą 
implicit topic: size 

ÅGroup related topics, e.g. 
ïSize <-> {large, small} 

ïWeight <-> {heavy, light} 

ÅRequire domain knowledge (metadata) 
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Automated Topic Extraction ï Examples 

ÅTerm Frequency (TF): favor frequently appearing words 

ÅTerm Frequency ï Inverse Document Frequency 
(TFIDF): favor words that appear frequently in one 
document but relatively rarely in the corpus 

ÅLatent Dirichlet Allocation (LDA): identify topics that are 
characterized by a distribution of words [Blei et al, JMLR2003] 
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How LDA Works 

ÅTraditional model: document-term matrix (each document is a vector in 
the keyword space) 

 

 

 

 

ÅNew model: 
ïA new set of vectors to span the keyword space, which can better 

represent each document 
ïFrom matrix theory, we know singular vectors of documents are such ones, 

and the related singular values represent the importance of each singular 
vector 

ïThese singular vectors can be thought as unit vectors to define a new 
coordinate system 

ïKeep the most important k singular vectors only 
ïDimensionality reduction: project the documents to the new k-d space. 

ÅKEY: we combine the useful information from multiple keyword vectors and put 
it in one singular vector, so we need less vectors to represent the important 
information in the original collection 



Examples of Extracted Topics 

ÅA topic is characterized by a distribution over words 
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Orientation Classification for Each Topic 

ÅDetermine orientation of the opinion on each topic in a 

sentence using any of the following: 

ïCounting polarity words 

ïRule-based 

ïSupervise learning 

ÅAggregate all the opinions on each topic 
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Comparative Sentiment Analysis 

ÅMotivation: opinions on multiple objects 

ÅSentence-based analysis 

ÅComparatives, e.g. 

ïñiPhone4 is better than Nexusò 

ïñMovie-X is less emotional than Movie-Yò 

ïñBank-1's service is as good as Bank-2's serviceò 

ïñLaptop-1 has a webcam, laptop-2 does notò 

ÅSuperlatives 

ïñThe battery life of this phone is the longestò 

ïñThis chair is the least stableò 
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Detection of Comparisons 

ÅComparative adjectives, adverbs 

ïmore, less, words ending in -er, etc 

ÅSuperlative adjectives, adverbs 

ïmost, least, words ending in -est, etc 

ÅKeywords 

ïsame, similar, etc 

ÅLearning patterns around keywords 

ïspecialized sequence classification algorithms used [Jindal & Liu, 2006]  
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Preferred Object Identification 

ÅObjective of comparison 

ÅLexicon-based approach 

ïlists of positive/negative words, comparatives 

Årules for combining them, e.g. decreasing comparative + negative 

word Ą positive opinion 

Ådomain knowledge, e.g. car-x gives higher mileage than car-y 

ÅAreas of active research [Ganapathibhotla & Liu, 2008] 
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Outline 

1. Introduction 

2. Sentiment Identification & Classification 

3. Key Applications 

4. Examples 

5. Conclusions 
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Key Sentiment Analysis Applications 

Å Opinion Summarization Å Opinion Search & 

Retrieval 

 

 

 

 

 

Å Opinion Spam & Opinion 

Quality 
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Opinion Summarization 

ÅMain objective: convert natural language text to 

structured summary to gain insights and consumer 

opinions 

ÅLittle academic research available but crucial to 

applications 

ïE.g. movie review mining and summarization [Zhuang et al, CIKM2006] 

ÅVisualization using bar chart or pie chart based on 

quintuples 
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Structured Opinion Summary 

ÅAn attribute-based summary of opinions on an object or 

multiple competing objects [Hu & Liu, KDD2004; Liu et al, WWW2005; Zhai et al, 

WSDM2011] 
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Visualization of an Attribute-based Summary 

ÅMore straightforward via visualization 
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Comparing Opinion Summaries of Multiple 

Products 

ÅMore interesting to see a comparison between two or 
more competing products 

 

 

 

 

 

 

ÅMany other visualization approaches are available [Pang & 

Lee, FATIR2008] 
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Summaries without Opinions 

ÅMany types of summaries without opinions are also very useful and 

informative 

ÅAttribute buzz summary: shows the relative frequency of attribute 

mentions, e.g. transaction security in an online banking study 

ÅObject buzz summary: shows the frequency of mentions of different 

competing products 

ÅSentiment trending: reports the trend of sentiments over time 
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Sentiment Summarization Using Traditional 

Techniques 

ÅResearch in traditional text summarization is rich, see 

Document Understanding Conference (DUC) 

ÅProduce a textual summary for a single document or 

multiple documents based on 

ïAbstraction: generate natural language sentences using 

predefined templates, e.g. ñMost people are positive about cell 

phone 1 and negative about cell phone 2ò. 

ïExtraction: keyword and key sentence extraction 

ÅLimitation: qualitative but not quantitative 

http://duc.nist.gov/
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Opinion Search and Retrieval 

ÅFind public opinions on a particular object or an attribute 

of the object, e.g. customer opinions on iPad2 or Japan 

nuclear crisis 

ÅFind opinions of a person or organization (i.e. opinion 

holder) on a particular object or an attribute of the object, 

e.g. find Barack Obamaôs opinion on Japan nuclear crisis 



72 

Main Tasks 

ÅData acquisition: crawling and indexing Web documents 

ÅDocument retrieval: retrieving relevant 

documents/sentences to the query (same as 

conventional search engines) 

ÅSentiment analysis: determining whether the 

documents/sentences express opinions and whether the 

opinions are positive or negative (i.e. sentiment analysis 

ÅOpinion ranking: ranking opinionated documents 

according to certain criteria 
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Data Acquisition and Cleansing 

ÅWeb page crawling 

ïProduct reviews are usually easier to collect 

ïForum posts and blogs require more careful handling 

ÅWeb page parsing 

ïText extraction from Web pages 

ÅDocument indexing 
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Opinion Ranking 

ÅTraditional Web search engines rank Web pages based on 
authority and relevance scores [Liu, WDM2006] 

ÅMain objectives of opinion ranking: 

ïRank opinionated documents/sentences with high utilities or 
information contents at the top 

ïReflect the natural distribution of positive and negative opinions 
(same as in traditional opinion surveys) 

ÅSimple solution: one ranking for positive opinions and one for 
negative ones, ratio of positive vs. negative as distribution 

ÅAttribute-based summary for each opinion search is even 
better, unfortunately this is very difficult to achieve 

ÅComparison search will be useful too, e.g. opinions on Yahoo! 
mail vs. gmail vs. hotmail 
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An Opinion Ranking Example [Zhang & Yu, TREC2007] 

ÅDocument retrieval 

ïIn addition to keywords, certain concepts (named entities and 
various types of phrases, e.g. Wikipedia entries) are also used 

ïQuery expansion using synonyms of the search query and 
relevant words from top-ranked documents 

ïSimilarity/relevance score of each document with the expanded 
query is calculated using both keywords and concepts 

ÅOpinion classification: SVM 

ïClassifying each document into opinionated or not: subjective 
reviews from rateitall.com and epinions.com as well as objective 
information from Wikipedia are used as training data 

ïClassifying each opinionated document into positive, negative, or 
mixed: reviews with star ratings from rateitall.com are used as 
training examples 

 

 



Sentiment and Search 

Åhttp://www.nytimes.com/2010/11/28/business/28borker.html?_r=2&pagewa

nted=all shows how bad sentiments can improve search ranking! 

Åhttp://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-

bad-for.html gives Google's response! 

http://www.nytimes.com/2010/11/28/business/28borker.html?_r=2&pagewanted=all
http://www.nytimes.com/2010/11/28/business/28borker.html?_r=2&pagewanted=all
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
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http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
http://googleblog.blogspot.com/2010/12/being-bad-to-your-customers-is-bad-for.html
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Opinion Search and Retrieval ï Summary 

ÅBeing a TREC task since 2006, many approaches 

available [MacDonald et al, TREC2007] 

ÅMain addition is the step of sentiment analysis 

ÅOpinion ranking needs additional handling 

ÅSVM classifiers have been popular among the best 

performers 

ÅResearch on comparison search is still limited 
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Opinion Spam 

ÅOpinion spam: activities that try to deliberately mislead 

readers or automated opinion mining systems 

ïHype spam: giving undeserving positive opinions to some target 

objects in order to promote the objects, or 

ïDefaming spam: giving unjust or false negative opinions to some 

other objects in order to damage their reputations 

ÅReview spam is becoming a major issue, e.g. see 

http://travel.nytimes.com/2006/02/07/business/07guides.

html 

ÅAutomatically detecting spam opinions becomes more 

and more critical 

 

http://travel.nytimes.com/2006/02/07/business/07guides.html
http://travel.nytimes.com/2006/02/07/business/07guides.html
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Different Types of Opinion Spam 

Å Bogus/fake opinions (hype, defaming reviews) 
ï ñIt's very expensive, however, I found www.yourfreeconsole.co.uk 

and got one for free! As you probably know, it's an expensive item 
for what it is... But, I didn't exactly pay for mine.ò 

Å Generic reviews: comment on brands, manufacturers or 
buyers/sellers, e.g. 
ï ñCanon digital cameras are the best on earthéò 

Å Non-opinions (advertisements, transactional text, random 
texts) 
ï ñGet one for FREE!!! Have a look at this video first:   

http://www.youtube.com/watch?v=DFKYVE__Mug Just take 2 
minutes and read this. This is very EASY to do!ò 

ï ñItem was exactly the same as what was promised on sellers web 
page. Delivery was quick and professional. I am a very happy 
camper and would buy again in the future.ò 

 

http://www.yourfreeconsole.co.uk/
http://www.youtube.com/watch?v=DFKYVE__Mug
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Opinion Spam Detection 

ÅA binary classification problem [Jindal & Liu, WWW2007; Jindal & Liu, 

WSDM2008] 

ÅFor types 2 & 3, three sets of features are used 

ïReview centric features: review text, #times that brands are 

mentioned, percentage of opinion words, review length, #helpful 

feedback, etc. 

ïReviewer centric features: average ratings given by a reviewer, 

standard deviation in rating, etc. 

ïProduct centric features: product price, sales rank, average 

rating, etc. 

ÅExperimental results on product reviews seem promising 
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Opinion Spam Detection (cont.) 

ÅFor type 1, it is very difficult because 

ïManually labeling training data is very expensive 

ïSpammers can craft a spam review that is just like any innocent 

review 

ÅResearch in this area is limited and in early stage, see 

[Jindal & Liu, WSDM2008] for more details 
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Opinion Quality Assessment   

ÅUse consumer reviews of products as an example 

ÅUsually posed as a regression task 

ïMany review aggregation sites have buttons to collect user 
helpfulness feedback, which can be used for training and testing 

ïMany types of data features are used [Kim et al, EMNLP2006; Ghose & Ipeirotis, 

ICEC2007; Zhang & Varadarajan, CIKM2006] 

ÅReview length 

ÅReview ratings (number of stars) 

ÅCounts of some specific POS tags 

ÅOpinion words and phrases 

ÅTF-IDF weighting scores 

ÅProduct attribute mentions and product brands 

ÅComparison with product specificationsé 

ÅMain application is in opinion search (ranking) 
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Useful Review vs. Spam 

ÅUtility classification is different from spam detection 

ïNot-helpful or low quality reviews are not necessarily fake 
reviews or spam 

ïHelpful reviews may not be non-spam 

ÅUsers often determine the usefulness of a review based 
on whether it expresses opinions on many attributes of a 
product 

ïSpammer can carefully craft a review that satisfies this 
requirement 

ïFeedback spam: user feedbacks can be spammed too! 

ÅA low quality review is still a valid review and should not 
be discarded, but a spam review is untruthful and/or 
malicious and should be removed once detected 



Sentiment Analysis Is Everywhere! 

http://venturebeat.com/2011/0

3/20/why-sentiment-

analysis-is-the-future-of-

ad-optimization/ discusses 

ways to embed the 

analysis in an application!! 

http://venturebeat.com/2011/03/20/why-sentiment-analysis-is-the-future-of-ad-optimization/
http://venturebeat.com/2011/03/20/why-sentiment-analysis-is-the-future-of-ad-optimization/
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Roadmap 

1. Introduction 

2. Sentiment Identification & Classification 

3. Key Applications 

4. Examples 

5. Conclusions 
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Examples ï Two eBay Applications 

ÅApplication 1: Mining discussion forums 

Vox Populi: Opinion Retrieval & Classification Engine 

ÅApplication 2: Enhancing eBay product reviews 

ïProduct Review Miner: Feature-based opinion mining 

ïProduct Reviews Spam Filtering 



Mining eBay User Discussion Boards 

Product Related  
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Community & Technology Boards 

 

88  Technology Related  



Vox Populi: Opinion Retrieval and Classification 

Example: Health & Beauty Forum 

ÅSearch: Mineral Makeup 

Å~ 700 posts ï 202 opinions 

ÅRelated Terms: Mineral Makeup, bare mineral, estee lauder, bishmuth 

oxychloride, bare escentuals, everday minerals, mineral veil, titanium 

dioxide 

ÅSearch Results: Positive, Negative, Neutral 

 Many of  the newer mm companies are improving on the mineral makeup concept , and leaving 

out the bismuth  

 

Mineral makeup is so daunting because what works for one might not work for another 

 

Aromaleigh is the mineral makeup that I have liked best .  

 

Everything I 've read about Meow Mineral Makeup is positive so I 'm really looking forward to 

trying them - I 'll update as soon as I get them !  
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Example: Opinion Retrieval in Health & Beauty 

Search: mineral makeup 

Related Terms 

Trends 
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Sentiment Classification: Experiment 

ÅData set 

ïHuman evaluation: 887 sentences - Two annotators  

ïAnnotations are consistent on 776 sentences (67 positive; 389 

negative; 320 neutral) 

ÅVox Populi Opinion Classifier - 2008 Lab Results 

Positive Negative Neutral 

Precision 59.6% 77.2% 78.2% 

Recall 50.7% 86.1% 69.7% 

Sarcasms in Technology discussion boards -> false positives 
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Product Review Miner 

ÅDocument level: 
Unstructured product reviews: free text + User ratings (1 to 5 

stars) 

 

ÅTopic/Feature level     

- Ex:  The powershot SD1100 is light and compact 

                  Camera                         Weight          Size 

 

 

 Feature-based Sentiment Analysis of Product Reviews 
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Product Review Miner: Feature-based Opinion Mining 

93 

Product  reviews 
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http://sjc-vts-244:8080/pdpnextgen/


Structuring eBay Product Reviews (2) 
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A Peek at Product Oriented Opinion Mining 

Å Vocabulary Acquisition  

ïPolarity keywords 

ïDomain/Product keywords  

The battery life and picture quality are great (+),  

 but the view finder is small (-) (* contextual orientation) 

 

ÅLexical Patterns 

ï The battery life is [not bad (-)] (+) 

   <topic1><not>< neg> - > (+)  

 

ïThis camcorder [would be great (+)](-)  if the view finder was not so small 

   <condition>< pos ><*><if> Ą ( - )  
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Dictionary-based Vocabulary Acquisition 

ÅResources: 
ïThe General Inquirer (http://www.wjh.harvard.edu/~inquirer) 

ïSentiWordNet  (http://patty.isti.cnr.it/~esuli/software/SentiWordNet) 

 

  

Incomplete, does not capture 

 

- Domain vocabulary 

- Emotional Expressions 

-Typos 
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http://www.wjh.harvard.edu/~inquirer
http://patty.isti.cnr.it/~esuli/software/SentiWordNet


Corpus-based Vocabulary Extraction 

ÅExtracting Word Collocations:  

ïExamples: battery life, going back, turn off, etc. 

 

ÅTerm Weighting: Extract domain and polarity terms 

ïLearn from examples:  

ÅProduct vocabulary: Compare different domains 

ÅPolarity words: Positive vs. Negative reviews 
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Vocabulary Extraction: Domain Vocabulary   

camera 

video 

hd 

camcorder  

recording 

battery 

battery life 

image 

screen 

movie 

film 

shot 

picture 

stabilization 

é 

 

Keyword Extractor 

  Stroller reviews 

Camcorder reviews 

Camcorder domain 

Keywords 

/ƻƳǇŀǊŜŘ ǘƻ άbƻǘ /ŀƳŎƻǊŘŜǊέ 

Example: Camcorder Domain Vocabulary 
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Vocabulary Extraction:  Polarity Keywords 

 

Keyword Extractor 

  Camcorder   

Positive reviews   

Camcorder    

Negative Reviews 

Negative Polarity Words 

Compared to: 

waste   

not turn   

poor   

Return 

turned     

worst   

terrible   

audio   

radio    

setting    

horrible   

Broke 

é   
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