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OVERVIEW

• INTRODUCTION TO THE OVERALL NOTION OF SENTIMENT ANALYSIS

• THE DEFINTION OF SENTIMENT AND SUBJECTVITY

• THE MODEL FOR THE TASKS

• TYPES OF OPINION MINING TASKS

• MAJOR APPROACHES TO THE DIFFERENT TASKS

• KNOWLEDGE AND LEXICAL RESOURCES FOR OM

• ARCHITECTURAL AND TECHNOLOGICAL ISSUES

• EVALUATION AND BENCHMARKING CHAMPAIGN

• NEURAL APPROACHES TO SA

• SA IN TWITTER 2



A WEB OF PEOPLE AND OPINIONS

• 31.7% OF THE MORE THAN 200 MILLION BLOGGERS 

WORLDWIDE BLOG ABOUT OPINIONS ON PRODUCTS AND 

BRANDS (UNIVERSAL MCCANN, JULY 2009)

• 71% OF ALL ACTIVE INTERNET USERS READ BLOGS. 

• 2009 SURVEY OF 25,000 INTERNET USERS IN 50 COUNTRIES: 

70% OF CONSUMERS TRUST OPINIONS POSTED ONLINE BY 

OTHER CONSUMERS (NIELSEN GLOBAL ONLINE CONSUMER, 2010).



SOCIAL MEDIA & DIGITAL CULTURE

Source: https://blog.hootsuite.com/twitter-demographics/

https://blog.hootsuite.com/twitter-demographics/




AUTHORITY

• DOES THE OPINION OF ONE USER (E.G. A BLOGGER) ACTUALLY MATTER?

• “IF A TREE FALLS IN A FOREST AND NO ONE IS AROUND TO HEAR 

IT, DOES IT MAKE A SOUND?”

• AUTHORITY AND REPUTATION OF USERS ARE KEY FACTORS TO 

UNDERSTAND AND ACCOUNT FOR THEIR OPINIONS



WHAT IS OM?

• OPINION MINING OR ALSO SENTIMENT ANALYSIS IS THE COMPUTATIONAL 

STUDY OF OPINIONS, SENTIMENTS AND EMOTIONS EXPRESSED IN TEXT

• HOW TO MODEL, CODE AND COMPUTE THE IRRATIONAL ASPECTS OF OUR 

AFFECTS IN AN ANALYTICAL WAY …

• IT DEALS WITH RATIONAL MODELS OF EMOTIONS, RUMORS AND TRENDS 

WITHIN USER COMMUNITIES

• … AND WITH THE WORD-OF-MOUTH INSIDE SPECIFIC DOMAINS

• IT HAS TO INTEGRATE OBJECTIVE MODELS OF SUBJECTIVE BEHAVIORS



WHAT IS OM? (2)

• OPINION MINING OR SENTIMENT ANALYSIS INVOLVE MORE THAN ONE 

LINGUISTIC TASK

• WHAT IS THE OPINION OF A TEXT

• WHO IS AUTHOR (OR OPINION HOLDER, OH) 

• WHAT IS THE OPINION TARGET (OBJECT)

• WHAT ARE THE FEATURES OF THE OBJECT

• WHAT IS THE SUBJECTIVE POSITION OF THE USER WRT TO THE OBJECT OR THE 

INDIVIDUAL FEATURES 

• WHAT ABOUT THE (DYNAMICS OF) OPINIONS OF LARGE OH COMMUNITIES



INTRODUCTION – FACTS AND OPINIONS

• TWO MAIN TYPES OF INFORMATION ON THE WEB. 

• FACTS AND OPINIONS

• CURRENT SEARCH ENGINES SEARCH FOR FACTS (ASSUME THEY ARE TRUE)

• FACTS CAN BE EXPRESSED WITH TOPIC KEYWORDS.

• SEARCH ENGINES SHOULD ALSO BE ABLE TO SEARCH FOR OPINIONS

• OPINIONS ARE HARD TO EXPRESS WITH A FEW KEYWORDS

• HOW DO PEOPLE THINK OF MOTOROLA CELL PHONES?

• CURRENT SEARCH RANKING STRATEGY IS NOT APPROPRIATE FOR OPINION 

RETRIEVAL/SEARCH.

Bing Liu, UIC                                                    ACL-07 9



INTRODUCTION 
USER GENERATED CONTENT

• WORD-OF-MOUTH ON THE WEB

• ONE CAN EXPRESS PERSONAL EXPERIENCES AND OPINIONS ON ALMOST ANYTHING, AT REVIEW 

SITES, FORUMS, DISCUSSION GROUPS, BLOGS ..., (CALLED THE USER GENERATED CONTENT.)

• THEY CONTAIN VALUABLE INFORMATION

• WEB/GLOBAL SCALE

• NO LONGER LIMITED TO YOUR CIRCLE OF FRIENDS

• GRAPH-BASED MODELS

• FOCUS OF THIS LESSON: TO MINE OPINIONS EXPRESSED IN THE USER-GENERATED CONTENT

• AN INTELLECTUALLY VERY CHALLENGING PROBLEM.

• PRACTICALLY VERY USEFUL. 

10



OPINION SEARCH (LIU, WEB DATA MINING BOOK, 2007)

• CAN YOU SEARCH FOR OPINIONS AS CONVENIENTLY AS GENERAL WEB 

SEARCH?

• WHENEVER YOU NEED TO MAKE A DECISION, YOU MAY WANT SOME 

OPINIONS FROM OTHERS, 

• WOULDN’T IT BE NICE? YOU CAN FIND THEM ON A SEARCH SYSTEM INSTANTLY, 

BY ISSUING QUERIES SUCH AS 

• OPINIONS: “SAMSUNG CELL PHONES”

• COMPARISONS: “SAMSUNG VS. MOTOROLA”

• CANNOT BE DONE YET!

Bing Liu, UIC                                                    ACL-07 11



TWO TYPES OF EVALUATION

• DIRECT OPINIONS: SENTIMENT EXPRESSIONS ON SOME 

OBJECTS, E.G., PRODUCTS, EVENTS, TOPICS, PERSONS

• E.G., “THE PICTURE QUALITY OF THIS CAMERA IS GREAT”

• SUBJECTIVE

• COMPARISONS: RELATIONS EXPRESSING SIMILARITIES OR 

DIFFERENCES OF MORE THAN ONE OBJECT. USUALLY 

EXPRESSING AN ORDERING. 

• E.G., “CAR X IS CHEAPER THAN CAR Y.”

• OBJECTIVE OR SUBJECTIVE.

Bing Liu, UIC                                                    ACL-07 12



OPINION SUMMARIZATION THROUGH 
VISUAL COMPARISON (LIU ET AL. WWW-2005)

STSC, Hawaii, May 22-23, 

2010                                                          

Bing Liu                                            

◼ Summary of 

reviews of    Cell 

Phone 1

Voice Screen Size WeightBattery

+

_

◼ Comparison of 

reviews of 

Cell Phone 1 

Cell Phone 2

_

+



FIND THE OPINION OF A PERSON ON X

• IN SOME CASES, THE GENERAL SEARCH ENGINE CAN HANDLE IT, I.E., USING 

SUITABLE KEYWORDS. 

• BILL CLINTON’S OPINION ON ABORTION

• REASON: 

• ONE PERSON OR ORGANIZATION USUALLY HAS ONLY ONE OPINION ON A 

PARTICULAR TOPIC. 

• THE OPINION IS LIKELY CONTAINED IN A SINGLE DOCUMENT.

• THUS, A GOOD KEYWORD QUERY MAY BE SUFFICIENT. 

Bing Liu, UIC                                                    

ACL-07
14



FIND OPINIONS ON AN OBJECT X

PRODUCT REVIEWS ARE PERFECT EXAMPLES:

• SEARCHING FOR OPINIONS IN PRODUCT REVIEWS IS DIFFERENT FROM GENERAL WEB SEARCH.

• E.G., SEARCH FOR OPINIONS ON “HUAWEI NOVA 9”

• GENERAL WEB SEARCH FOR A FACT: RANK PAGES ACCORDING TO SOME AUTHORITY AND 

RELEVANCE SCORES. 

• THE USER VIEWS THE FIRST PAGE (IF THE SEARCH IS PERFECT). 

• ONE FACT = MULTIPLE FACTS

• OPINION SEARCH: RANK IS DESIRABLE, HOWEVER

• READING ONLY THE REVIEW RANKED AT THE TOP IS DANGEROUS BECAUSE IT IS ONLY THE OPINION 

OF ONE PERSON. 

• ONE OPINION  MULTIPLE OPINIONS

Bing Liu, UIC                                                    ACL-07 15



SEARCH OPINIONS (CONTD)

• RANKING: 

• PRODUCE TWO RANKINGS

• POSITIVE OPINIONS AND NEGATIVE OPINIONS

• SOME KIND OF SUMMARY OF BOTH, E.G., # OF EACH

• OR, ONE RANKING BUT 

• THE TOP (SAY 30) REVIEWS SHOULD REFLECT THE NATURAL DISTRIBUTION OF 

ALL REVIEWS (ASSUME THAT THERE IS NO SPAM), I.E., WITH THE RIGHT

BALANCE OF POSITIVE AND NEGATIVE REVIEWS. 

• QUESTIONS:

• SHOULD THE USER READS ALL THE TOP REVIEWS? OR

• SHOULD THE SYSTEM PREPARE A SUMMARY OF THE REVIEWS?

Bing Liu, UIC                                                    

ACL-07
16



REVIEWS ARE SIMILAR TO SURVEYS

• REVIEWS CAN BE REGARDED AS TRADITIONAL SURVEYS.

• IN TRADITIONAL SURVEY, RETURNED SURVEY FORMS ARE TREATED AS 

RAW DATA. 

• ANALYSIS IS PERFORMED TO SUMMARIZE THE SURVEY RESULTS. 

• E.G., % AGAINST OR FOR A PARTICULAR ISSUE, ETC. 

• IN OPINION SEARCH, 

• CAN A SUMMARY BE PRODUCED?  

• WHAT SHOULD THE SUMMARY BE?

Bing Liu, UIC                                                    

ACL-07
17



FEATURES: OPINIONS VS. MENTIONS 

• PEOPLE TALKED A LOT ABOUT PRICES THAN OTHER FEATURES. THEY 

ARE QUITE POSITIVE ABOUT PRICE, BUT NOT BOUT MAPS AND 

SOFTWARE.

18



• IT SEEMS VERY APPEALING

BUT…



SENTIMENT ANALYSIS IS CHALLENGING!

“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 PHONE. THE BATTERY LIFE WAS LONG. 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.”

20



… AND CORRESPONDS TO A VERY COMPLEX PROCESS!!



TASKS
• DATA GATHERING

• OBJECTIVE: TO ACCESS INFORMATION RELEVANT TO UNDERSTAND USER OPINIONS

• RESOURCES: INDIVIDUAL PROFILES, COMMUNITY SITES, BLOGS

• LINGUISTIC RESOURCES DEVELOPMENT:

• OBJECTIVE: TO DEVELOP LINGUISTIC MODELS (AS ONTOLOGIES, DICTIONARIES, 

EMBEDDINGS, …)

• RESOURCES: GENERAL-PURPOSE CORPORA, DOMAIN CORPORA, OPINION DATASETS

• OUTCOME: SEMANTIC LEXICONS, SUBJECTIVITY LEXICONS

• SENTIMENT RECOGNITION:

• SUBTASKS: SUBJECTIVITY, ASPECT AND POLARITY RECOGNITION, OPINION SUMMARIZATION

• RESOURCES: SUBJECTIVITY MODELS, APPRAISAL MODELS, POLARITY MODELS

• OPINION SUMMARIZATION:

• OBJECTIVE: SUMMARIZE OPINIONS ACROSS LARGE USER COMMUNITIES  





NL VS. OPINIONS

• ALTHOUGH SUBJECTIVITY SEEMS TO PRESERVE ACROSS DOMAINS AND 

SUBLANGUAGES, KNOWLEDGE ABOUT SUBJECTIVITY (E.G.  AFFECTIVE

LEXICONS) IS NOT FULLY PORTABLE

• FOR EXAMPLE, THE POLARITY OF SOME TERMS CHANGE ACROSS DOMAINS 

(E.G. SMALL LAPTOPS VS. SMALL TV SCREEN)

• THESE ISSUES TRIGGER A NUMBER OF INDUCTIVE TASKS

• HOW TO MODEL THE UNCERTAINTY OF LEXICAL INFORMATION WITH RESPECT TO

SUBJECTIVITY

• HOW TO VALIDATE (OR ADAPT) EXISTING LEXICONS TO NEWER DOMAINS

• HOW TO ACQUIRE NOVEL LEXICAL INFORMATION

• HOW TO SUPPORT INFERENCE ACCORDING TO THE ABOVE LEXICAL INFORMATION



TWO (CLOSELY RELATED) NOTIONS

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:

• EMOTIONS ARE PEOPLE’S SUBJECTIVE



TASKS: DEFINITIONS AND MODELS

• OPINION MINING – THE ABSTRACTION

• DOMAIN LEVEL SENTIMENT CLASSIFICATION

• SENTENCE LEVEL SENTIMENT ANALYSIS

• FEATURE-BASED SENTIMENT ANALYSIS AND 

SUMMARIZATION

• SUMMARY

Bing Liu, UIC                                                    

ACL-07
26



OPINION MINING – THE ABSTRACTION
(HU AND LIU, KDD-04)

• BASIC COMPONENTS OF AN OPINION

• OPINION HOLDER: A PERSON OR AN ORGANIZATION THAT HOLDS AN SPECIFIC 

OPINION ON A PARTICULAR OBJECT.

• OBJECT: ON WHICH AN OPINION IS EXPRESSED

• OPINION: A VIEW, ATTITUDE, OR APPRAISAL ON AN OBJECT FROM AN 

OPINION HOLDER. 

• OBJECTIVES OF OPINION MINING: MANY ... 

• WE USE CONSUMER REVIEWS OF PRODUCTS TO DEVELOP THE IDEAS. 

OTHER OPINIONATED CONTEXTS ARE SIMILAR. 

Bing Liu, UIC                                                    ACL-07 27



OBJECT/ENTITY

• DEFINITION (OBJECT): AN OBJECT O IS AN ENTITY WHICH CAN BE A 
PRODUCT, PERSON, EVENT, ORGANIZATION, OR TOPIC. O IS REPRESENTED 
AS A TREE OR TAXONOMY OF COMPONENTS (OR PARTS), SUB-
COMPONENTS, AND SO ON.  
• EACH NODE REPRESENTS A COMPONENT AND IS ASSOCIATED WITH A SET OF

ATTRIBUTES.

• O IS THE ROOT NODE (WHICH ALSO HAS A SET OF ATTRIBUTES)

• AN OPINION CAN BE EXPRESSED ON ANY NODE OR ATTRIBUTE OF THE 
NODE. 

• TO SIMPLIFY, “FEATURES” IS USED TO REPRESENT BOTH COMPONENTS 
AND ATTRIBUTES.
• THE TERM “FEATURE” SHOULD BE UNDERSTOOD IN A BROAD SENSE,

• PRODUCT FEATURE, TOPIC OR SUB-TOPIC, EVENT OR SUB-EVENT, ETC

• NOTE: THE OBJECT O ITSELF IS ALSO A FEATURE. 
28



A MODEL OF A REVIEW

• AN OBJECT IS REPRESENTED WITH A FINITE SET OF FEATURES, 

F = {F1, F2, …, FN}. 

• EACH FEATURE FI IN F CAN BE EXPRESSED WITH A FINITE SET OF WORDS OR PHRASES 

WI, WHICH ARE SYNONYMS. 

THAT IS TO SAY: WE HAVE A SET OF CORRESPONDING SYNONYM SETS 

W = {W1, W2, …, WN} FOR THE FEATURES. 

• MODEL OF A REVIEW: AN OPINION HOLDER J COMMENTS ON A SUBSET OF THE 

FEATURES SJ  F OF AN OBJECT O. 

• FOR EACH FEATURE FK  SJ THAT J COMMENTS ON, HE/SHE 

• CHOOSES A WORD OR PHRASE FROM WK TO DESCRIBE THE FEATURE, AND 

• EXPRESSES A POSITIVE, NEGATIVE OR NEUTRAL OPINION ON FK. 

Bing Liu, UIC                                                    ACL-07 29



OPINION MINING TASKS

• AT THE DOCUMENT (OR REVIEW) LEVEL:

TASK: SENTIMENT CLASSIFICATION OF REVIEWS

• CLASSES: POSITIVE, NEGATIVE, AND NEUTRAL

• ASSUMPTION: EACH DOCUMENT (OR REVIEW) FOCUSES ON A SINGLE 

OBJECT O (NOT TRUE IN MANY DISCUSSION POSTS) AND CONTAINS 

OPINION FROM A SINGLE OPINION HOLDER.

• AT THE SENTENCE LEVEL:

TASK 1: IDENTIFYING SUBJECTIVE/OPINIONATED SENTENCES

• CLASSES: OBJECTIVE AND SUBJECTIVE (OPINIONATED)

TASK 2: SENTIMENT CLASSIFICATION OF SENTENCES

• CLASSES: POSITIVE, NEGATIVE AND NEUTRAL.

• ASSUMPTION: A SENTENCE CONTAINS ONLY ONE OPINION 

• NOT TRUE IN MANY CASES. 

• THEN WE CAN ALSO CONSIDER CLAUSES.

30



OPINION MINING TASKS (CONTD)

• AT THE FEATURE LEVEL:

TASK 1: IDENTIFYING AND EXTRACTING OBJECT FEATURES THAT HAVE BEEN 

COMMENTED ON IN EACH REVIEW. 

TASK 2: DETERMINING WHETHER THE OPINIONS ON THE FEATURES ARE 

POSITIVE, NEGATIVE OR NEUTRAL IN THE REVIEW.  

TASK 3: GROUPING FEATURE SYNONYMS.

• PRODUCE A FEATURE-BASED OPINION SUMMARY OF MULTIPLE REVIEWS

• OPINION HOLDERS: IDENTIFY HOLDERS IS ALSO USEFUL, E.G., IN NEWS 

ARTICLES, ETC, BUT THEY ARE USUALLY KNOWN IN USER GENERATED 

CONTENT, I.E., THE AUTHORS OF THE POSTS. 

Bing Liu, UIC                                                    ACL-07 31



MORE AT THE FEATURE LEVEL

F: THE SET OF FEATURES

W: SYNONYMS OF EACH FEATURE

• PROBLEM 1: BOTH F AND W ARE UNKNOWN. 

• WE NEED TO PERFORM ALL THREE TASKS:

• PROBLEM 2: F IS KNOWN BUT W IS UNKNOWN. 

• ALL THREE TASKS ARE NEEDED. TASK 3 IS EASIER. IT BECOMES THE PROBLEM OF 

MATCHING DISCOVERED FEATURES WITH THE SET OF GIVEN FEATURES F. 

• PROBLEM 3: W IS KNOWN (F IS KNOWN TOO). 

• ONLY TASK 2 IS NEEDED. 

Bing Liu, UIC                                                    ACL-07 32



OPINION ONTOLOGIES



TASKS: DEFINITIONS AND MODELS

• OPINION MINING – THE ABSTRACTION

• DOCUMENT LEVEL SENTIMENT CLASSIFICATION

• SENTENCE LEVEL SENTIMENT ANALYSIS

• FEATURE-BASED SENTIMENT ANALYSIS AND SUMMARIZATION

• SUMMARY

Bing Liu, UIC                                                    ACL-07 34



SENTIMENT CLASSIFICATION

• CLASSIFY DOCUMENTS (E.G., REVIEWS) BASED ON THE OVERALL 

SENTIMENTS EXPRESSED BY AUTHORS, 

• POSITIVE, NEGATIVE, AND (POSSIBLY) NEUTRAL

• SINCE IN OUR MODEL AN OBJECT O ITSELF IS ALSO A FEATURE, THEN SENTIMENT 

CLASSIFICATION ESSENTIALLY DETERMINES THE OPINION EXPRESSED ON O IN EACH 

DOCUMENT (E.G., REVIEW). 

• SIMILAR BUT NOT IDENTICAL TO TOPIC-BASED TEXT CLASSIFICATION.

• IN TOPIC-BASED TEXT CLASSIFICATION, TOPIC WORDS ARE IMPORTANT. 

• IN SENTIMENT CLASSIFICATION, SENTIMENT WORDS ARE MORE IMPORTANT, E.G., 

GREAT, EXCELLENT, HORRIBLE, BAD, WORST, ETC. 

Bing Liu, UIC                                                    ACL-07 35



UNSUPERVISED REVIEW CLASSIFICATION
(TURNEY, ACL-02)

• DATA: REVIEWS FROM EPINIONS.COM  ON 

• AUTOMOBILES, 

• BANKS, 

• MOVIES, 

• TRAVEL DESTINATIONS.

• THE APPROACH: THREE STEPS

• STEP 1: FEATURE EXTRACTION

• PART-OF-SPEECH TAGGING

• EXTRACTING TWO CONSECUTIVE WORDS (TWO-WORD PHRASES) FROM REVIEWS

IF THEIR TAGS CONFORM TO SOME GIVEN PATTERNS, E.G., (1) JJ, (2) NN.

Bing Liu, UIC                                                    ACL-07 36



STEP 2: ESTIMATE THE SEMANTIC 
ORIENTATION OF THE EXTRACTED PHRASES

• STEP 2: ESTIMATE THE SEMANTIC ORIENTATION OF THE EXTRACTED PHRASES

• USE POINTWISE MUTUAL INFORMATION

• SEMANTIC ORIENTATION (SO): 

• SO(PHRASE) = PMI(PHRASE, “EXCELLENT”)   - PMI(PHRASE, “POOR”)

• USING ALTAVISTA FOR ESTIMATION

• SEARCH TO FIND THE NUMBER OF HITS IN THE INDEXED WEB PAGES TO 

COMPUTE PMI AND SO

• THE “NEAR” OPERATOR IS APPLIED TO CONSTRAINT THE SEARCH 
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STEP 2: ESTIMATE THE SEMANTIC 
ORIENTATION OF THE EXTRACTED PHRASES

• ESTIMATE THE POINTWISE MUTUAL INFORMATION

FOR SEMANTIC ORIENTATION (SO):

SO(PHRASE) = PMI(PHRASE, “EXCELLENT”) - PMI(PHRASE, “POOR”)

HITS(PHRASE NEAR “EXCELLENT”) HITS(“POOR”)

SO(PHRASE) = LOG2

HITS(PHRASE NEAR “POOR”) HITS(“EXCELLENT”)

Bing Liu, UIC                                                    

ACL-07
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STEP 3: ESTIMATE THE SO OF THE ENTIRE 
TEXT BY AVERAGING

• STEP 3: COMPUTE THE AVERAGE SO OF ALL PHRASES

• CLASSIFY THE REVIEW AS 

• RECOMMENDED IF AVERAGE SO IS POSITIVE, 

• NOT RECOMMENDED OTHERWISE. 

• FINAL CLASSIFICATION ACCURACY:

• AUTOMOBILES - 84%

• BANKS - 80%

• MOVIES - 65.83 

• TRAVEL DESTINATIONS - 70.53%

Bing Liu, UIC                                                    ACL-07 39



SENTIMENT CLASSIFICATION USING SUPERVISED 
MACHINE LEARNING METHODS (PANG ET AL, EMNLP-02)

• THE PAPER APPLIED SEVERAL MACHINE LEARNING TECHNIQUES TO 

CLASSIFY MOVIE REVIEWS INTO POSITIVE AND NEGATIVE. 

• THREE CLASSIFICATION TECHNIQUES WERE TRIED:

• NAÏVE BAYES

• MAXIMUM ENTROPY (MIXTURE MODEL + PAR EST)

• SUPPORT VECTOR MACHINE

• PRE-PROCESSING SETTINGS: NEGATION TAG, UNIGRAM (SINGLE 

WORDS), BIGRAM, POS TAG, POSITION.

• SVM: THE BEST ACCURACY 83% (UNIGRAM)

• MORE RECENT APPROACHES APPLY CONVOLUTIONAL NEURAL 

NETWORKS AND LSTMS, IMPROVEMENT IS SIGNIFICANT (+5-10%)

Bing Liu, UIC                                                    

ACL-07
40



TASKS: DEFINITIONS AND MODELS

• OPINION MINING – THE ABSTRACTION

• DOCUMENT LEVEL SENTIMENT CLASSIFICATION

• SENTENCE LEVEL SENTIMENT ANALYSIS

• FEATURE-BASED SENTIMENT ANALYSIS AND 

SUMMARIZATION

• SUMMARY

Bing Liu, UIC                                                    

ACL-07
41



SENTENCE-LEVEL SENTIMENT ANALYSIS

• DOCUMENT-LEVEL SENTIMENT CLASSIFICATION IS TOO COARSE FOR MOST 

APPLICATIONS. 

• LET US MOVE TO THE SENTENCE LEVEL. 

• MUCH OF THE WORK ON SENTENCE LEVEL SENTIMENT ANALYSIS FOCUS 

ON IDENTIFYING SUBJECTIVE SENTENCES IN NEWS ARTICLES.

• CLASSIFICATION: OBJECTIVE AND SUBJECTIVE. 

• ALL TECHNIQUES USE SOME FORMS OF MACHINE LEARNING. 

• E.G., USING A NAÏVE BAYESIAN CLASSIFIER WITH A SET OF DATA 

FEATURES/ATTRIBUTES EXTRACTED FROM TRAINING SENTENCES (WIEBE ET AL. ACL-

99).

Bing Liu, UIC                                                    

ACL-07
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LET US GO FURTHER?

• SENTIMENT CLASSIFICATIONS AT BOTH DOCUMENT AND SENTENCE (OR CLAUSE) 

LEVEL ARE USEFUL, BUT 

• THEY DO NOT FIND WHAT THE OPINION HOLDER LIKED AND DISLIKED.

• A NEGATIVE SENTIMENT ON AN OBJECT 

• DOES NOT MEAN THAT THE OPINION HOLDER DISLIKES EVERYTHING ABOUT THE OBJECT.

• A POSITIVE SENTIMENT ON AN OBJECT 

• DOES NOT MEAN THAT THE OPINION HOLDER LIKES EVERYTHING ABOUT THE OBJECT.

• WE NEED TO GO TO THE FEATURE LEVEL.

Bing Liu, UIC                                                    ACL-07 44



BUT BEFORE WE GO FURTHER

• MANY APPROACHES TO OPINION, SENTIMENT, AND SUBJECTIVITY ANALYSIS

RELY ON LEXICONS OF WORDS THAT MAY BE USED TO EXPRESS 

SUBJECTIVITY.



BUT BEFORE WE GO FURTHER

• LET US DISCUSS OPINION WORDS OR PHRASES (ALSO CALLED 
POLAR WORDS, OPINION BEARING WORDS, ETC). E.G., 
• POSITIVE: BEAUTIFUL, WONDERFUL, GOOD, AMAZING, 

• NEGATIVE: BAD, POOR, TERRIBLE, COST SOMEONE AN ARM AND A LEG (IDIOM). 

• THEY ARE INSTRUMENTAL FOR OPINION MINING (OBVIOUSLY)

• THREE MAIN WAYS TO COMPILE SUCH A LIST:

• MANUAL APPROACH: NOT A BAD IDEA, ONLY AN ONE-TIME EFFORT

• CORPUS-BASED APPROACHES

• DICTIONARY-BASED APPROACHES

• IMPORTANT TO NOTE: 
• SOME OPINION WORDS ARE CONTEXT INDEPENDENT.

• SOME ARE CONTEXT DEPENDENT.

Bing Liu, UIC                                                    

ACL-07
46



SENTIMENT (OR OPINION) LEXICONS

• SENTIMENT LEXICON: LIST OF WORDS OR EXPRESSIONE USED

TO REFER TO PEOPLE’S SUBJECTIVE FEELINGS AND 

SENTIMENT/OPINIONS

• NOT JUST INDIVIDUAL WORDS, BUT ALSO PHRASES AND IDIOMS, E.G., 

"COST AN ARM AND A LEG"

• SENTIMENT BEARING EXPRESSIONS FORM AN ENDLESS VARIETY

• SOME WORK LISTED UP TO 6700 INDIVIDUAL WORDS

• THERE ARE ALSO A LARGE NUMBER OF PHRASES



AFFECTIVE LEXICONS

• THEY HAVE BEEN EXTENSIVELY USED IN THE FIELD EITHER FOR LEXICON-BASED 

APPROACHES OR IN MACHINE-LEARNING SOLUTIONS

• ADDITIONAL FEATURES

• BOOTSTRAPPING: UNSUPERVISED SOLUTIONS (SEE PREVIOUS)

• CAN BE CREATED MANUALLY, AUTOMATICALLY OR SEMI-AUTOMATICALLY

• CAN BE DOMAIN-DEPENDENT OR INDEPENDENT

• A LOT OF THEM ARE ALREADY AVAILABLE: 

• MANUAL

• LIWC: LINGUISTIC INQUIRY AND WORD COUNT (TAUSCZIK, Y.R. & PENNEBAKER, 2014)

• ANEW: AFFECTIVE NORMS FOR ENGLISH WORDS (BRADLEY, M. M., & LANG, P. J. (1999).

• AUTOMATIC:

• WORDNET-AFFECT (STRAPPARAVA E VALITUTTI, 2004)

• SENTIWORDNET (ESULI E SEBASTIANI, 2006) …

https://osf.io/y6g5b/wiki/anew/
https://wndomains.fbk.eu/wnaffect.html
https://github.com/aesuli/SentiWordNet


LIWC: LINGUISTIC INQUIRY AND WORD COUNT 
(HTTPS://WWW2.FGW.VU.NL/WERKBANKEN/DIGHUM/TOOLS/TOOL_LIST/LIWC.PHP)

https://www2.fgw.vu.nl/werkbanken/dighum/tools/tool_list/liwc.php


THE VAD MODEL

• THREE MAJOR DIMENSIONS

50

V: Pleasantry

A: Intensity

D: Control



VAD SPACES
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VAD LEXICONS: EXAMPLES OF ENTRIES
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ANEW: AFFECTIVE NORMS FOR ENGLISH 
WORDS



THE MULTIDIMENSIONAL VIEW
ON EMOTIONS



CORPUS-BASED APPROACHES

• RELY ON SYNTACTIC OR CO-OCCURRENCE PATTERNS IN LARGE CORPUSES. 

(HAZIVASSILOGLOU AND MCKEOWN, ACL-97; TURNEY, ACL-02; YU AND 

HAZIVASSILOGLOU, EMNLP-03; KANAYAMA AND NASUKAWA, EMNLP-06; DING AND 

LIU, 2007)

• CAN FIND DOMAIN (NOT CONTEXT) DEPENDENT ORIENTATIONS (POSITIVE, NEGATIVE, OR 

NEUTRAL). 

• (TURNEY, ACL-02) AND (YU AND HAZIVASSILOGLOU, EMNLP-03) ARE SIMILAR. 

• ASSIGN OPINION ORIENTATIONS (POLARITIES) TO WORDS/PHRASES. 

• (YU AND HAZIVASSILOGLOU, EMNLP-03) IS DIFFERENT FROM (TURNEY, ACL-02) IN THAT 

USING MORE SEED WORDS (RATHER THAN TWO) AND USING LOG-LIKELIHOOD RATIO

(RATHER THAN PMI). 
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CORPUS-BASED APPROACHES (CONTD)

• USE CONSTRAINTS (OR CONVENTIONS) ON CONNECTIVES TO IDENTIFY OPINION 

WORDS (HAZIVASSILOGLOU AND MCKEOWN, ACL-97; KANAYAMA AND NASUKAWA, 

EMNLP-06; DING AND LIU, SIGIR-07). E.G.,

• CONJUNCTION: CONJOINED ADJECTIVES USUALLY HAVE THE SAME ORIENTATION 

(HAZIVASSILOGLOU AND MCKEOWN, ACL-97). 

• 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

• CORPUS: 21 MILLION WORD 1987 WALL STREET JOURNAL CORPUS. 56



CORPUS-BASED APPROACHES – AN LSA EXAMPLE



CORPUS-BASED APPROACHES – A LSA EXAMPLE



DICTIONARY-BASED APPROACHES

• TYPICALLY USE WORDNET’S SYNSETS AND HIERARCHIES TO ACQUIRE 

OPINION WORDS

• START WITH A SMALL SEED SET OF OPINION WORDS 

• USE THE SET TO SEARCH FOR SYNONYMS AND ANTONYMS IN WORDNET (HU AND LIU, 

KDD-04; KIM AND HOVY, COLING-04).

• MANUAL INSPECTION MAY BE USED AFTERWARD.

• USE ADDITIONAL INFORMATION (E.G., GLOSSES) FROM WORDNET 

(ANDREEVSKAIA AND BERGLER, EACL-06) AND LEARNING (ESULI AND 

SEBASTIANI, CIKM-05).

• WEAKNESS OF THE APPROACH: DO NOT FIND DOMAIN AND/OR 

CONTEXT DEPENDENT OPINION WORDS, E.G., SMALL, LONG, FAST. 59



WHO DOES LEXICON DEVELOPMENT ?

• HUMANS

• SEMI-AUTOMATIC

• FULLY AUTOMATIC

70



WHAT?

• FIND RELEVANT WORDS, PHRASES, PATTERNS THAT CAN BE 

USED TO EXPRESS SUBJECTIVITY

• DETERMINE THE POLARITY OF SUBJECTIVE EXPRESSIONS
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WORDS

• ADJECTIVES (E.G. HATZIVASSILOGLOU & MCKEOWN 1997, WIEBE 

2000, KAMPS & MARX 2002, ANDREEVSKAIA & BERGLER 2006)

• POSITIVE

• NEGATIVE: HARMFUL HYPOCRITICAL INEFFICIENT INSECURE

• IT WAS A MACABRE AND HYPOCRITICAL CIRCUS. 

• WHY ARE THEY BEING SO INEFFICIENT ? 

• SUBJECTIVE: CURIOUS, PECULIAR, ODD, LIKELY, PROBABLY
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WORDS

• ADJECTIVES (E.G. HATZIVASSILOGLOU & MCKEOWN 1997, WIEBE 

2000, KAMPS & MARX 2002, ANDREEVSKAIA & BERGLER 2006)

• POSITIVE

• NEGATIVE

• SUBJECTIVE (BUT NOT POSITIVE OR NEGATIVE SENTIMENT): 

CURIOUS, PECULIAR, ODD, LIKELY, PROBABLE

• HE SPOKE OF SUE AS HIS PROBABLE SUCCESSOR.

• THE TWO SPECIES ARE LIKELY TO FLOWER AT DIFFERENT TIMES.
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WORDS

• OTHER PARTS OF SPEECH (E.G. TURNEY & LITTMAN 2003, 

RILOFF, WIEBE & WILSON 2003, ESULI & SEBASTIANI 2006)

• VERBS

• POSITIVE: PRAISE, LOVE

• NEGATIVE: BLAME, CRITICIZE

• SUBJECTIVE: PREDICT

• NOUNS

• POSITIVE: PLEASURE, ENJOYMENT

• NEGATIVE: PAIN, CRITICISM

• SUBJECTIVE: PREDICTION, FEELING
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ATTITUDE INTENSITY



BOOTSTRAPPING BY PATTERN ACQUISITION 
(RILOFF & WIEBE 2003)



BING LIU’S OPINION LEXICON

Minqing Hu and Bing Liu. Mining and Summarizing Customer Reviews. 

ACM SIGKDD-2004.

 http://www.cs.uic.edu/~liub/FBS/opinion-lexicon-English.rar

 6786 words

 2006 positive

… abound, abounds, abundance, abundant, accessable, 
accessible, acclaim, acclaimed, acclamation, accolade, accolades, 
accommodative, accomodative, accomplish, accomplished, 
accomplishment, accomplishments, accurate, ...

 4783 negative

…., abnormal, abolish, abominable, abominably, abominate, 
abomination, abort, aborted, aborts, abrade, abrasive, …

http://www.cs.uic.edu/~liub/FBS/opinion-lexicon-English.rar


OM RESOURCES: SENTIWORDNET

• SENTIWN (SEBASTIANI & ESULI, 2008)



SENTIWORDNET

• SEMI-AUTOMATIC APPROACH

TO THE DESIGN

• A SNA METHODS APPLIED TO 

LEXICAL SEMANTICS

(SEBASTANI & ESULI, 2008)  

• PAGERANK OVER WORD SENSES



NCSR LEXICON (MOHAMMAD & TURNEY, 2013)

• SAIF MOHAMMAD AND PETER D. TURNEY. 2013. CROWD- SOURCING A 

WORD-EMOTION ASSOCIATION LEXICON. COMPUTATIONAL INTELLIGENCE, 

29(3):436–465.

https://nrc.canada.ca/en/research-development/products-services/technical-advisory-services/sentiment-emotion-lexicons




TASKS: DEFINITIONS AND MODELS

• OPINION MINING – THE ABSTRACTION

• DOCUMENT LEVEL SENTIMENT CLASSIFICATION

• SENTENCE LEVEL SENTIMENT ANALYSIS

• FEATURE-BASED SENTIMENT ANALYSIS AND 

SUMMARIZATION

• SUMMARY

83



THE TASKS

• RECALL THE THREE TASKS IN OUR MODEL. 

TASK 1: EXTRACTING OBJECT FEATURES (ASPECTS) THAT HAVE BEEN COMMENTED 

ON IN EACH REVIEW. 

TASK 2: DETERMINING WHETHER THE OPINIONS ON THE FEATURES ARE POSITIVE, 

NEGATIVE OR NEUTRAL.  

TASK 3: GROUPING FEATURE SYNONYMS.

• SUMMARY 

• TASK 2 MAY NOT BE NEEDED DEPENDING ON THE FORMAT OF 

REVIEWS. 
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DIFFERENT REVIEW FORMAT 

FORMAT 1 - PROS, CONS AND DETAILED REVIEW: THE REVIEWER IS 

ASKED TO DESCRIBE PROS AND CONS SEPARATELY AND ALSO WRITE 

A DETAILED REVIEW. EPINIONS.COM USES THIS FORMAT. 

FORMAT 2 - PROS AND CONS: THE REVIEWER IS ASKED TO DESCRIBE 

PROS AND CONS SEPARATELY. C|NET.COM USED TO USE THIS 

FORMAT. 

FORMAT 3 - FREE FORMAT: THE REVIEWER CAN WRITE FREELY, I.E., NO 

SEPARATION OF PROS AND CONS. AMAZON.COM USES THIS 

FORMAT. 

Bing Liu, UIC                                                    ACL-07 85



FORMAT 1

Bing Liu, UIC                                                    

ACL-07
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GREAT Camera., Jun 3, 2004 

Reviewer: jprice174 from Atlanta, Ga.

I did a lot of research last year before I bought 

this camera... It kinda hurt to leave behind my 

beloved nikon 35mm SLR, but I was going to Italy, 

and I needed something smaller, and digital. 

The pictures coming out of this camera are 

amazing. The 'auto' feature takes great pictures 

most of the time. And with digital, you're not 

wasting film if the picture doesn't come out. 

Format 2

Format 3





ARCHITECTURAL AND 
TECHNOLOGICAL ISSUES
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SA AS TEXT CLASSIFICATION: 
SUPERVISED/UNSUPERVISED

▪ SUPERVISED LEARNING METHODS ARE THE MOST COMMONLY USED ONE, YET ALSO 

SOME UNSUPERVISED METHODS HAVE BEEN SUCCESSFULLY.

▪ UNSUPERVISED METHODS RELY ON THE SHARED AND RECURRENT CHARACTERISTICS OF 

THE SENTIMENT DIMENSION ACROSS TOPICS TO PERFORM CLASSIFICATION BY MEANS 

OF HAND-MADE HEURISTICS AND SIMPLE LANGUAGE MODELS.

▪ SUPERVISED METHODS RELY ON A TRAINING SET OF LABELED EXAMPLES THAT DESCRIBE 

THE CORRECT CLASSIFICATION LABEL TO BE ASSIGNED TO A NUMBER OF DOCUMENTS.

▪ A LEARNING ALGORITHM THEN EXPLOITS THE EXAMPLES TO MODEL A GENERAL 

CLASSIFICATION FUNCTION.



VADER

• VADER (VALENCE AWARE DICTIONARY FOR SENTIMENT

REASONING) USES A CURATED LEXICON DERIVED FROM 

WELL KNOWN SENTIMENT LEXICONS THAT ASSIGNS A 

POSITIVITY/NEGATIVITY SCORE TO 7K+ 

WORDS/EMOTICONS.

• IT ALSO USES A NUMBER OF HAND-WRITTEN PATTERN 

MATCHING RULES (E.G., NEGATION, INTENSIFIERS) TO 

MODIFY THE CONTRIBUTION OF THE ORIGINAL WORD 

SCORES TO THE OVERALL SENTIMENT OF TEXT.

• REFERENCE PAPER: HUTTO AND GILBERT. VADER: A 

PARSIMONIOUS RULE-BASED MODEL FOR SENTIMENT ANALYSIS 

OF SOCIAL MEDIA TEXT. ICWSM 2014.

• VADER IS INTEGRATED INTO NLTK

https://ojs.aaai.org/index.php/ICWSM/article/view/14550


THE SUPERVISED CLASSIFICATION PIPELINE

THE ELEMENTS OF A CLASSIFICATION PIPELINE ARE:

1. TOKENIZATION

2. FEATURE EXTRACTION

3. FEATURE SELECTION

4. WEIGHTING

5. LEARNING

• STEPS FROM 1 TO 4 DEFINE THE FEATURE SPACE AND HOW TEXT IS CONVERTED INTO 

VECTORS.

• STEP 5 CREATES THE CLASSIFICATION MODEL.



SWISSCHEESE AT SEMEVAL 2016

• THREE-STAGE PROCEDURE:

1. CREATION OF WORD EMBEDDINGS FOR INITIALIZATION OF THE fiRST 

LAYER. WORD2VEC ON AN UNLABELLED CORPUS OF 200M TWEETS.

2. DISTANT SUPERVISED PHASE, WHERE THE NETWORK WEIGHTS AND 

WORD EMBEDDINGS ARE TRAINED TO CAPTURE ASPECTS RELATED TO 

SENTIMENT. EMOTICONS USED TO INFER THE POLARITY OF A BALANCED 

SET OF 90M TWEETS.

3. SUPERVISED PHASE, WHERE THE NETWORK IS TRAINED ON THE PROVIDED 

SUPERVISED TRAINING DATA. 



USE CASES

• COVID STUDY (2020): HTTPS://MDPI-

RES.COM/D_ATTACHMENT/APPLSCI/APPLSCI-12-

03709/ARTICLE_DEPLOY/APPLSCI-12-03709.PDF?VERSION=1649318517

• SURVEY ON DNNS FOR SA (2020): 

HTTPS://ARXIV.ORG/FTP/ARXIV/PAPERS/2006/2006.03541.PDF

• BRAND REPUTATION: OPINION_MINING FOR BRAND REPUTATION: A USE 

CASE_V1.1.PPTX
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https://mdpi-res.com/d_attachment/applsci/applsci-12-03709/article_deploy/applsci-12-03709.pdf?version=1649318517
https://arxiv.org/ftp/arxiv/papers/2006/2006.03541.pdf
Opinion_Mining_Rbas_from_the_ENEL_case_v1.1.pptx


OM: TECHNOLOGICAL DIRECTIONS

• OPEN ISSUES:

• ADAPTIVITY: SEMI-SUPERVISED MODELS, AKA FEW SHOT LEARNING 

• FOR THE AFFECTIVE LEXICON ACQUISITION (E.G. LI ET AL., ACL 2009)

• FOR THE REPRESENTATION (ENCODING) OF TARGET TEXTS

• FOR GENERALIZING RESOURCE ACROSS LANGUAGES AND DOMAINS (MULTITASK

LEARNING)

• FINE-GRAINED OM THROUGH

• NEURAL NETS (E.G. (KIM, 2014))

• SOCIAL DYNAMICS THROUGH
• COMPLEX ARCHITECTURES
• MODELS OF SOCIAL PROFILES AND COMUNICATIONS



BENCHMARKING SA
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RECENT BENCHAMRKS ON 
TWITTER SENTIMENT ANALYSIS

• ACL SEMEVAL CHAMPAIGNS: 

• EXAMPLE 2014, TASK 4: 

HTTPS://ALT.QCRI.ORG/SEMEVAL2014/TASK4/

• EVALITA CHAMPAIGNS:

• EXAMPLE, 2016, ABSITA: HTTP://SAG.ART.UNIROMA2.IT/ABSITA/

https://alt.qcri.org/semeval2014/task4/
http://sag.art.uniroma2.it/absita/


EVALITA 2023 
(HTTPS://WWW.EVALITA.IT/CAMPAIGNS/EVALITA-2023/TASKS/)

• EMIT – CATEGORICAL EMOTION 

DETECTION IN ITALIAN SOCIAL 

MEDIA  (O. ARAQUE, S. FRENDA, 

D. NOZZA, V. PATTI, R. 

SPRUGNOLI)

• EMOTIVITA – DIMENSIONAL AND 

MULTI-DIMENSIONAL EMOTION 

ANALYSIS (G. GAFÀ, F. 

CUTUGNO, M. VENUTI) 97

https://www.evalita.it/campaigns/evalita-2023/tasks/
https://di.unito.it/emit23
https://sites.google.com/view/emotivita


EMOTIVITA (2023)
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EMIT (2023)
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FURTHER REFERENCES

• BO PANG AND LILLIAN LEE. 2008. OPINION MINING AND SENTIMENT ANALYSIS. 

FOUND. TRENDS INF. RETR. 2, 1-2 (JANUARY 2008), 1-135. 

DOI=HTTP://DX.DOI.ORG/10.1561/1500000011

• BING LIU, SENTIMENT ANALYSIS AND SUBJECTIVITY, HANDBOOK OF NATURAL 

LANGUAGE PROCESSING, SECOND EDITION, (EDITORS: N. INDURKHYA AND F. J. 

DAMERAU), 2011

http://www.cs.cornell.edu/home/llee/omsa/omsa-published.pdf
https://www.cs.uic.edu/~liub/FBS/SentimentAnalysis-and-OpinionMining.html


AN EXAMPLE USE CASE

• SEE SLIDES ON «SA ON TWITTER AT SEMEVAL 2013»

• MORE INFORMATION IN:

• “INJECTING SENTIMENT INFORMATION IN CONTEXT-AWARE CONVOLUTIONAL 

NEURAL NETWORKS” (CROCE ET AL, 2016), SOCIALNLP 2016 PROCEEDINGS, 

IJCAIO 2016, NEW YORK. URL: 

HTTPS://SITES.GOOGLE.COM/SITE/SOCIALNLP2016/ .
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004_1_SA_over_Twitter.pdf
https://sites.google.com/site/socialnlp2016/


USEFUL RECENT SURVEYS

• ARTIFICIAL INTELLIGENCE REVIEW (2022) 55:5731–5780 

HTTPS://DOI.ORG/10.1007/S10462-022-10144-1, A SURVEY ON SENTIMENT ANALYSIS 

METHODS, APPLICATIONS, AND CHALLENGES, MAYUR WANKHADE ET AL., SPRINGER 

NATURE B.V. 2022 

• THE BIASES OF PRE-TRAINED LANGUAGE MODELS: AN EMPIRICAL STUDY ON

PROMPT-BASED SENTIMENT ANALYSIS AND EMOTION DETECTION MAO ET AL., IEEE 

TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. 14, NO. 3, JULY-SEPTEMBER 2023.

• INTRODUCES A NUMBER OF CURRENT CORPORA/BENCHMARKS

• FOCUS ON DEEP LEARNING METHODS AND EVALUATION STRATEGIES

• STUDIES THE IMPACT OF PROMPTING STRATEGIES 102

https://doi.org/10.1007/s10462-022-10144-1
https://ieeexplore.ieee.org/document/9881877


EMOTION DETECTION WITH LLMS
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GLUE DATASETS

• GLUE PAPERS WITH CODE INCLUDES A NUMBER OF DATASETS FOR SENTIMENT 

ANALYSIS

• HTTPS://PAPERSWITHCODE.COM/DATASETS?Q=GLUE+%28GENERAL+LANGUAGE+UNDERST

ANDING+EVALUATION+BENCHMARK%29&TASK=SENTIMENT-ANALYSIS&LANG=ENGLISH

• SST (3 AND 5)

• XED (ÖHMAN ET AL. IN  “XED: A MULTILINGUAL DATASET FOR SENTIMENT 

ANALYSIS AND EMOTION DETECTION”, 2020)

• XED IS A MULTILINGUAL FINE-GRAINED EMOTION DATASET. THE DATASET CONSISTS 

OF HUMAN-ANNOTATED FINNISH (25K) AND ENGLISH SENTENCES (30K), AS WELL AS 

PROJECTED ANNOTATIONS FOR 30 ADDITIONAL LANGUAGES, PROVIDING NEW

RESOURCES FOR MANY LOW-RESOURCE LANGUAGES. 104

https://paperswithcode.com/datasets?q=GLUE+%28General+Language+Understanding+Evaluation+benchmark%29&task=sentiment-analysis&lang=english
https://paperswithcode.com/dataset/xed


STANFORD SENTIMENT TREEBANK, SST-5

• AT: HTTPS://PAPERSWITHCODE.COM/DATASET/SST
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https://paperswithcode.com/dataset/sst
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