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Should you attend the symposium? Yes, if you want to 
lead the competition 

– if you understand the 
advantage you will gain in understanding customer, 
market, employee, investor, and political sentiment, 
emotion, mood, and opinion. 



Should you attend the symposium? Yes, if you want to 
lead the competition – in customer satisfaction and 
support, brand and reputation management, financial 
services, product design and marketing, and an array of 
other business processes – if you understand the 
advantage you will gain 



EDITORIALS 
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BLOGS 
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REVIEWS 
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COMMENTS 
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COMMENTS ON COMMENTS 
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CONFESSIONS AND REACTIONS 
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TWITTER 
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THIS TALK 

¢ Automatic recognition of 
      Opinions 
          Attitudes 
              Emotions 
                   Sentiments 
 
¢  In 
       News 
           Blogs 
               Speeches 
                   Etc.! 15 



BURGEONING FIELD 

¢ Quite a large problem space 
¢ Several terms reflecting varying goals and 

models 
�  Sentiment Analysis 
�  Opinion Mining  
�  Opinion Extraction 
�  Subjectivity Analysis 
�  Appraisal Analysis 
�  Affect Sensing 
�  Emotion Detection 
�  Identifying Perspective 
�  Etc. 



WHY DO WE NEED OPINION ANALYSIS 
SYSTEMS? 

¢ Task: find documents that are negative toward 
Obama’s health care plan 

¢  4th result from Googling “Pro Obamacare”: 
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WHY DO WE NEED OPINION ANALYSIS 
SYSTEMS? 

¢ More generally 
�  Vast variety in words and phrases used to express 

opinions 
�  Not hard for a Googler to find articles about Obama 
�  But which of the many negative words should be 

included in the query? 
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DOCUMENT CLASSES ARE NOT THE ONLY THING 
WE CARE ABOUT 

¢ Automatic QA systems need to look inside 
documents 
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OPINION QUESTION ANSWERING 

¢  Though we don’t want Watson’s views… 
¢  Q: What are Obama’s views on the debt crisis? 
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OUTLINE 

¢ Cross domain sentiment classification 
¢ Sense-level processing 
¢ Data acquisition 
¢ Deeper understanding  
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MACHINE LEARNING (SUPERVISED) 
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Training 
Data 

Feature Vectors Learning Algorithm 

Predictive Model 

Unlabeled 
Data 

Test data 

Predicted 
Labels 

Training 

Prediction 

Feature Vector 



FEATURE VECTORS 
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¢ A feature vector is the representation of the raw 
data that is input to the learning algorithm 

¢  It is often an N-dimensional vector of numerical 
values 

¢ Selecting informative features is important for the 
performance of the learning algorithm 



FEATURE VECTORS 
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¢ Representing Images  
¢ The features might correspond to single pixels 
¢ The feature value might be the intensity of the 

corresponding pixel  
¢ Representing Documents 

¢ The features might correspond to single words 
¢ The feature value might be the frequency of the 

corresponding word in the document. 



FEATURE VECTORS 
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There are many differences 
between African and Asian 
elephants. The differences 
… 
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Feature Extraction 

Bag-of-Words Feature Representation 



MACHINE LEARNING (SUPERVISED) 
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¢ Supervised learning has the best performance for 
challenging Natural Language Processing (NLP) 
problems 
o  Usually the more training data we have, the 

better the performance 
¢ Disadvantages 

o  Creating training data is expensive and time-
consuming  

o  Domain Dependence 



DOMAIN DEPENDENCE 
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¢ The performance of supervised learning suffers 
when the training and test data come from 
different domains.  
o  Differences in vocabulary and writing style  

¢ For opinion analysis tasks, we are confronted with 
many domains … you can have an opinion about 
anything! 

¢ A major issue in opinion analysis 



OUTLINE 

¢ Cross domain sentiment classification 
¢ Sense-level processing 
¢ Data acquisition 
¢ Deeper understanding  
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SCENERIO 

29 

Training 
Data 

Feature Vectors Learning Algorithm 

Predictive Model 

Unlabeled 
Data 

Predicted 
Labels 

Training 

Prediction 

Feature Vector 

Different domains 

$$$$ 

Likely to  
be incorrect 



DOMAIN DEPENDENCE 
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Scenario 
You have training data for a specific domain 
You want to work on another domain 
 



DOMAIN DEPENDENCE 
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Scenario 
You have training data for a specific domain 
You want to work on another domain 
 

Solution 

Apply the good model to the new domain ? 
 



DOMAIN DEPENDENCE 
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Scenario 
You have training data for a specific domain 
You want to work on another domain 
 

Solution 
? Apply the trained model to the new domain ? 
 

Poor Performance 



DOMAIN DEPENDENCE 
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Scenario 
You have a good model for a specific domain 
You want to work on another domain 
 



DOMAIN DEPENDENCE 
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Scenario 
You have a good model for a specific domain 
You want to work on another domain 
 

Solution 

Train a new model for the new domain ? 
 



DOMAIN DEPENDENCE 
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Scenario 
You have a good model for a specific domain 
You want to work on another domain 
 

Solution 

Train a new model for the new domain ? 
 

Annotations are expensive and time consuming 
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E.G. TRAIN ON COMPUTER REVIEWS; TEST 
ON HOTEL REVIEWS 
Negative tablet computer review:  LABEL: Negative 

Negative hotel review:   LABEL: ?? 
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MUCH OF THE NEGATIVE LANGUAGE 
DIFFERS BETWEEN DOMAINS 

negative tablet review: 

negative hotel review: 

E.g. slow might not be something 
negative in another domain 
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DOMAIN-DEPENDENCE OF OPINION 
LANGUAGE 
¢  Even though both are negative reviews, the opinions 

are expressed using different language 
o  Makes it difficult for machine learning to find effective 

patterns for predicting the labels of the test data 
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CROSS DOMAIN SENTIMENT 
CLASSIFICATION 

¢  Bollegala, Weir, Caroll ACL 2011: 
¢  Idea: pretend similar words are in the review 

o  Intuition: negative language specific to training 
domain is similar to general negative words; same for 
the test domain 

¢  But, how to judge similarity? 
o  One answer: distributional similarity 
o  “You shall know a word by the company it 

keeps” (Firth 1957) 



PREPROCESSING STEP 

¢ Corpus:   training + test data 
¢ For every pair of words that appear in the corpus 

�  Calculate their distributional similarity 
�  How? 

¢  For each word, for every OTHER word, count how many 
times they occur in the same sentence 

¢  Apply a similarity metric to the results 
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DISTRIBUTIONAL SIMILARITY 

¢  Example (4-sentence corpus): 
o  “This awful tablet is useless.” 
o  “I hate this slow, useless tablet.” 
o  “It's so responsive, I love it!” 
o  “I love how durable and responsive this tablet is.” 

•  Calculate distributional similarity between every pair of rows 

tablet love durable useless hate 

“awful” 1 0 0 1 0 

“slow” 1 0 0 1 1 

“responsive” 0 2 1 0 0 

“awful” (general) and “slow” (domain dependent) 
distributionally very similar! 

One row in the table for each word (just showing 3) 



MACHINE LEARNING (SUPERVISED) 
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Training 
Data 

Feature Vectors Learning Algorithm 

Predictive Model 

Unlabeled 
Data 

Predicted 
Label 

Training 

Prediction 

Feature Vector 

Bag of words 

+ or - review 



FEATURE VECTORS 
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There are many differences 
between African and Asian 
elephants. The differences 
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Feature Extraction 

Bag-of-Words Feature Representation 
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negative hotel review: 

negative tablet review: 

+ gadget, display, bad, very, awful, cold, ... 

+ odor, bellhop, bad, uncouth, awful, motel, ... 

ADD COUNTS FOR TERMS SIMILAR TO THE WORDS 
ACTUALLY IN THE DOCUMENT 

Mixture of domain-specific 
and general terms 
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negative hotel review: 

negative tablet review: 

AUGMENTING WITH SIMILAR TERMS 
Reviews now share some negative 
clues! 
Gives the ML system some common 
features to pick up on 
 



OTHER WORK ON CROSS-DOMAIN SENTIMENT 
CLASSIFICATION 

¢ He, Lin, Alani ACL 2011 
¢ Pam, Ni, Sun, Yang, Chen WWW 2010 
¢ Blitzer, Dredze, Pereira ACL 2007 
¢ Aue and Gamon 2005 
¢ Etc. 
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DOMAIN DEPENDENCE 
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DOMAIN DEPENDENCE 
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OUTLINE 

¢ Cross domain sentiment classification 
¢ Sense-level processing 
¢ Data acquisition 
¢ Deeper understanding 
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OPINION LEXICONS 

¢ Many approaches to opinion and sentiment 
analysis exploit opinion lexicons.  
�  Lists of keywords that have been gathered together 

because they are opinion bearing  

�  May be used in different ways 
¢  E.g., add features for machine learning  

Brilliant 
Difference 
Hate 
Interest 
Love 
… 



HOWEVER… 

¢ Consider the keyword “Interest”.   
¢  It is in the opinion lexicon. 
¢ But, what about “interest rate”, for example? 



DICTIONARY DEFINITIONS SENSES 

     
    Interest, involvement -- (a sense of 

concern with and curiosity about someone 
or something; "an interest in music")  

    
     
    Interest -- (a fixed charge for borrowing 

money; usually a percentage of the 
amount borrowed; "how much interest do 
you pay on your mortgage?")  
        



DICTIONARY DEFINITIONS SENSES 

     
    Interest, involvement -- (a sense of 

concern with and curiosity about someone 
or something; "an interest in music")  

    
     
    Interest -- (a fixed charge for borrowing 

money; usually a percentage of the 
amount borrowed; "how much interest do 
you pay on your mortgage?")  
        

O 

N 



SENSES 

¢ Even in opinion lexicons, many senses of the 
keywords are not opinion bearing 
�   ~50% in our study! 

¢ Thus, many appearances of keywords in texts are 
false hits 



SENSES 

¢ His alarm grew as the election returns 
came in. 

¢ He set his alarm for 7am. 

¢ His trust grew as the candidate spoke. 
¢ His trust grew as interest rates increased. 



WORDNET MILLER 1995; FELLBAUM 1998 



EXAMPLES  

¢ “There are many differences between 
African and Asian elephants.” 

¢ “… dividing by the absolute value of the 
difference from the mean…” 

¢ “Their differences only grew as they spent 
more time together …” 

¢ “Her support really made a difference in 
my life” 

¢ “The difference after subtracting X from 
Y…” 
 



OPINION SENSE LABELING 

¢ Automatically classifying senses as opinion-
bearing or not 

¢ Won’t talk about this further 
¢ Picture that opinion/non-opinion labels have been 

added to the senses 

Wiebe & Mihalcea 2006 
Esuli & Sebastiani 2006, 2007 
Andreevskaia & Bergler 2006a,b 
Su & Markert 2008,2009 
Gyamfi, Wiebe, Mihalcea, Akkaya 2009 
 



Opinion 
Phrase 

Classifier 

CONTEXTUAL OPINION ANALYSIS 

“He spins a riveting plot which  
grabs and holds the reader’s interest…”  

O  N? 

O  N? 

“The notes do not pay interest.” 

Find phrases that express opinions 

 
To help find relevant parts of documents, 
e.g., where answers to opinion questions 
might be found 
 



CONTEXTUAL OPINION ANALYSIS 

S  O? 

S  O? 

Are phrases positive, negative, or neutral? 
 

Sentiment 
Phrase  

Classifier 

Pos, Neg,  
Neutral? 

Pos, Neg,  
Neutral? 

“There are many differences between  
  African and Asian elephants.” 

“Their differences only grew as they spent  
  more time together …” 



EXPLOITING SENSE LABELS TO IMPROVE 
CONTEXTUAL OPINION ANALYSIS 

Brilliant 
   sense#1 O 
   sense#2 O 
   … 
Difference 
   sense#1 N 
   sense#2 N 
   sense#3 O 
   sense#4 O 
   sense#5 N 
… 

Contextual 
Opinion 
analysis 



Opinion 
Classifier 

O   Sense 4 “a sense of  
concern with and curiosity about 
someone or something”  

N  Sense 1 “a fixed charge  
for borrowing money” 

OPINION ANALYSIS USING WSD 

“The notes do not pay interest.” 

“He spins a riveting plot which  
grabs and holds the reader’s interest…”  

WSD 
System 

Sense 4 

Sense 1 

O  N? 

O  N? 



Opinion 
Classifier 

O   Sense 4 “a sense of  
concern with and curiosity about 
someone or something”  

N  Sense 1 “a fixed charge  
for borrowing money” 

OPINION ANALYSIS USING WSD 

“The notes do not pay interest.” 

“He spins a riveting plot which  
grabs and holds the reader’s interest…”  

WSD 
System 

Sense 4 

Sense 1 O  N 

O  N 



HOWEVER … 

¢  In electronic dictionaries such as WordNet, many 
words have several senses 

¢ For this reason, WSD systems do not have high 
accuracy 

64 



EXAMPLES 

¢  “There are many differences between African and 
Asian elephants.”  Sense#1 N 

¢  “… dividing by the absolute value of the 
difference from the mean…”  Sense#2 N 

¢  “Their differences only grew as they spent more 
time together …” Sense#3 O 

¢  “Her support really made a difference in my life” 
Sense#4 O 

¢  “The difference after subtracting X from Y…” 
Sense#5 S 
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¢  “There are many differences between African and 
Asian elephants.”  Sense#1 N 

¢  “… dividing by the absolute value of the 
difference from the mean…”  Sense#2 N 

¢  “Their differences only grew as they spent more 
time together …” Sense#3 O 

¢  “Her support really made a difference in my life” 
Sense#4 O 

¢  “The difference after subtracting X from Y…” 
Sense#5 N 

66 

Is it one of these? 



¢  “There are many differences between African and 
Asian elephants.”  Sense#1 N 

¢  “… dividing by the absolute value of the 
difference from the mean…”  Sense#2 N 

¢  “Their differences only grew as they spent more 
time together …” Sense#3 O 

¢  “Her support really made a difference in my life” 
Sense#4 O 

¢  “The difference after subtracting X from Y…” 
Sense#5 N 

67 

Or, is it one of these? 



Opinion 
Classifier 

OPINION ANALYSIS USING OPINION WSD 

OWSD 
System 

O  N? 

Sense N {1, 2, 5} 

Sense O {3,4} 

O  N? 

Difference 
   sense#1 O 
   sense#2 O 
   sense#3 S 
   sense#4 S 
   sense#5 O 

“There are many differences between  
  African and Asian elephants.” 

“Their differences only grew as they spent  
  more time together …” 



Opinion 
Classifier 

OPINION ANALYSIS USING OPINION WSD 

OWSD 
System 

O  N 

Sense N {1, 2, 5} 

Sense O {3,4} 

O  N 

Difference 
   sense#1 N 
   sense#2 N 
   sense#3 O 
   sense#4 O 
   sense#5 N 

“There are many differences between  
  African and Asian elephants.” 

“Their differences only grew as they spent  
  more time together …” 



OWSD 

¢ Compared system performance when 
�  WSD:  Using the full sense inventory 
�  OWSD: Using only two senses, opin-sense and non-

opin-sense 

¢ OWSD Performance is well above the 
performance of full WSD 
�  OWSD is a feasible variant of WSD 

Akkaya, Wiebe, Mihalcea 2009 
Akkaya, Conrad, Wiebe, Mihalcea 2010 
Akkaya, Wiebe, Conrad Mihalcea 2011 



OWSD IN OPINION ANALYSIS 

¢ OWSD exploited to improve the performance of 
opinion analysis systems 

¢ Both O/N and Pos/Neg/Neutral classifiers 



SENTIMENT ANALYSIS USING OWSD 

OWSD 
System 

Sense N {1, 2, 5} 

Sense O {3,4} 

Difference 
   sense#1 N 
   sense#2 N 
   sense#3 O 
   sense#4 O 
   sense#5 N 

“There are many differences between  
  African and Asian elephants.” 

“Their differences only grew as they spent  
  more time together …” 

Sentiment  
Classifier 

Pos, Neg,  
Neutral? 

Pos, Neg,  
Neutral? 



OUTLINE 

¢ Cross domain sentiment classification 
¢ Sense-level processing 
¢ Data acquisition 
¢ Deeper processing 

73 



ANNOTATED DATA 

¢ The burden of natural language processing 
¢ Even with unsupervised learning, annotated data 

is needed to evaluate the system’s performance 
¢ Two things to ease the burden a bit 
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AMAZON MECHANICAL TURK 

¢  Amazon Mechanical Turk (MTurk) is a 
marketplace for tasks (HITs) that are easy for 
humans but still difficult for computers 

¢  Cheaper than hiring and training expert 
annotators 

¢ Example tasks 
�  Categorizing Images and Websites 
�  Transcribing speech audio 
�  Summarizing video 

 



MTURK - NLP APPLICATIONS 

¢ Recently, MTurk has been used as a cheap and 
fast alternative to expert natural language 
annotations 
�  Question Answering 
�  Word Sense Disambiguation 
�  Textual Entailment 
�  Opinion and Sentiment Analysis 

NAACL-HLT 2010 Workshop on Creating Speech and Language Data with  
Amazon’s Mechanical Turk 
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QUESTIONS (1) 

¢ Can non-expert Mturk workers be used to collect 
reliable training data for your task? 

¢ The simpler the instructions and task, the better 



QUESTIONS (2) 

¢ The annotations obtained from MTurk workers 
are noisy by nature 
�  Spammers  carelessly submit HITs in order to earn 

money without any effort 

�  MTurk provides several types of built-in 
statistics, known as qualifications, to control 
which workers can work on your HITs 
How much can the built-in qualifications help us to 
avoid spammers and poor annotators ?  



QUESTION (3) 

¢ Expert annotators learn to create more accurate 
annotations over time 
�  Formal and informal interaction between annotators 
�  Getting used to the annotation task over time 

¢ MTurk is a different environment 
�  Workers have no interaction among themselves 
�  They do not get any formal training 
�  They do not have access to true annotations 
 

Is there a learning effect associated with MTurk 
workers in the absence of any interaction and 
feedback ?   



LEARNING EFFECT 
¢ We tested for an increasing trend in the proportion of 

successes by individual workers over time 
¢ Unfortunately, we found no increasing trend in the 

proportion of successes 



ACTIVE LEARNING 

82 

¢  The goal is to reduce the amount of training data 
needed to train reliable systems 

Not all data instances are equally informative. 
 

Label the most informative ones first.    
 

Potential gain:   fewer total human labels needed to train a 

reliable machine learning model 



ACTIVE LEARNING 

83 

To tell you the truth it is a good movie  
It is a good movie 
I want to watch it again, it is a very good movie 
I think it is a good movie 

To tell you the truth it is a good movie  
It is an amazing movie 
I want to watch it again, it is an excellent movie 
I think it is pleasant movie 

P 
P 

P Redundant 

P 
P 

P 
Informative 

P 

P 

If you only have $$$ for 4 labels, choose the second box! 



ACTIVE LEARNING 
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Human Annotator 

Selected Instances 

System-labeled 
instances 

Human-labeled 
 instances 

Learning Algorithm 

Predictive Model 

Unlabeled Data 

Instance Selector 



ACTIVE LEARNING 

¢ Degan and Engelson ICML-1995 
¢ McCallum and Nigam ICML-1998 
¢ Roy and McCallum ICML-2001 
¢ Settles and Craven EMNLP-2008 
¢ Etc. 
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ACTIVE LEARNING 
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Unlabeled 
Instances 

Labeled Instances 

Human Annotator 

Learning Component 

Train Model 

Select Instances 

Score Instances 

Label Instances 



OUTLINE 

¢ Cross domain sentiment classification 
¢ Sense-level processing 
¢ Data acquisition 
¢ Deeper processing 
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OPINION QUESTION ANSWERING 

 
¢  Q: What are Obama’s views on the debt crisis? 
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direct subjective 
  span: are happy 
  source: <writer, EL, People> 
  attitude: 

inferred attitude 
  span: are happy because 
            Chavez has fallen 
  type: neg sentiment 
  intensity: medium 
  target:   

target 
  span: Chavez has fallen 

target 
  span: Chavez 

attitude 
  span: are happy 
  type: pos sentiment 
  intensity: medium 
  target: 

direct subjective 
  span: argued 
  source: <writer, EL> 
  attitude: 

attitude 
  span: argued 
  type: positive arguing 
  intensity: medium 
  target: 

target 
  span: people are happy because  
           Chavez has fallen 

Eyewitness Euridice Ledesma argued that people were 
happy that Chavez has fallen 

MPQA corpus: http://www.cs.pitt.edu/mpqa 

MANUAL (HUMAN) OPINION ANNOTATION 
SCHEME 
 



DISCOURSE 

D::... this kind of rubbery material, it’s a bit more bouncy, like you said they 

get chucked around a lot. A bit more durable and that can also be 

ergonomic and it kind of feels a bit different from all the other remote 

controls.!

Example from the AMI Meeting corpus (Carletta et al., 2005) 
• Scenario-based goal oriented meeting, where the participants have 
to design a new TV remote 

90 

MPQA corpus: http://www.cs.pitt.edu/mpqa 
Annotated data used in Somasundaran  et al. 2009 



DISCOURSE 

D::... this kind of rubbery material, it’s a bit more bouncy, like you said they 

get chucked around a lot. A bit more durable and that can also be 

ergonomic and it kind of feels a bit different from all the other remote 

controls.!

positive 

positive ?  

91 

?  



DISCOURSE 

D::... this kind of rubbery material, it’s a bit more bouncy, like you said they 

get chucked around a lot. A bit more durable and that can also be 

ergonomic and it kind of feels a bit different from all the other remote 

controls.!

positive 

positive 

positive 

Observation: 
1.  Speaker is talking about the same thing 
2.  Speaker is reinforcing his stance (pro-rubbery material) 
 Interpretation coherent with the discourse: 
All the opinions are positive 

positive 
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AND BEYOND 

¢ Multi-document opinion summaries 
�  Aggregate opinions by multiple people, about 

multiple things 

¢ Tracking arguments and opinions as they spread 
through social media 
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CONCLUSION 

¢ Vast amount of opinion expressed in online texts 
¢ Topical search and factual QA systems need to be 

augmented with opinion analysis components 
¢ Two exciting areas that promise to improve 

practical sentiment analysis systems 
�  Cross-domain sentiment classification and sense-

level processing 

¢ Data is a burden in natural language processing 
�  Amazon Mechanical Turk and Active Learning may 

help a bit 

¢ Opinion language is highly complex 
�  Research continues! 
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THANK YOU 
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