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* Introduction to Big Social Media Data

 Attacks and Semantics in Social Media
Data

« Sentiment Identification
« Compositional Semantic Rules

* Degree of Sentiments
« Bag-of-Word Method
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Social Media Data

* Heterogeneous
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Social Media Data Becomes Big

Big Data

2.5B - content items shared
2.7B - ‘Likes’
300M - photos uploaded
100+PB - disk space in a single HDFS cluster
105TB - data scanned via Hive (3omin)
70,000 - queries executed
« 500+TB - new data ingested
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Social Attacks

e Spam users
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Social Attacks (Cont'd)

* We found one spam user appeared on
600+ different brand pages (on average, 4
to 5 brands).

* On Barack Obama’s page, we found 209,
864 duplicated comments from same
users out of 2, 987, 505 In total.

* Some users make always positive
comments or always negative comments.
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Sentiment ldentification

Problem description

. Glven a sentence, we classify it into one of three
categories(Positive, Negative, Objective).

Examples

. Positive: directly or indirectly praise something, e.g. “
love it! (™ M)

. Negative: directly or indirectly criticize something, e.g.
“We dont like it at all. &”

. No sentiments, or express a truth. e.g.
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Sentiment ldentification #1

« Compositional Semantic Rules

Rules Example

1. Polarity(not [argl]) = —polarity(argl) not [bad]{argl}

2. Polarity([VP1] [NP1]) = Compose([VP], [NP]) [destroyed]{ VP} the [terrorism]{NP}

3. Polarity([VP1]to[VP2]) = Compose([VP1],[VP2] [refused]{ VP1} to{to} [deceive]{VP2} the man

4. Polarity([ADJ]to[ VP1]) = Compose([ADJ],[VP1]) unlikely]{ADJ} to{to} [destroy]{VP} the planet

5. Polarity([NP1]in[NP1]) = Compose([NP1],[NP2]) [lack]{NP1} offing [crime]{NP2} in rural areas

6. Polarity([NP1] [VP1]) = Compose([VP1],[NP1]) crime]{NP1} has [decreased]{ VP1}

7. Polarity((NP1]be[ADJ]) = Compose([ADJ],[NP1]) [damage]{NP1} is{be} [minimal]{ADJ}

Our Rules Example

8. Polarity([NP1]in[VP1]) = Compose([NP1],[VP1]) lack]{NP1} offing killing{ VP1} in rural areas

9. Polarity(as[ADJ]as[NP]) = if(polarity(NP) !=0: return polarity(NP),

else: return polarity(ADJ) as{as} ugly{ADJ} as{as} a rock{NP}

10. Polarity(not as[ADJ]as[NP]) = -polarity(ADJ) that was not{not} as{as} [bad]{ADJ1} as the original][{NP2}
11. If the sentence contains ‘but’, disregard all previous sentiment

only take the sentiment of the sentence after ‘but’ and I’ve never liked that director, [but] I loved this movie.
12. If the sentence contains ‘despite’,

only the sentiment in the previous part of the sentence is counted. I love that movie, despite the fact that I hate the director.
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Sentiment ldentification #1

 Compose Functions

if(argl) is a negator then —polarity(arg2)
Compose(argl,arg?2) else if (Polarity(argl) == Polarity(arg2)) then Polarity(argl)
else the majority polarity of data
if argl is negative:
if arg2 is not neutral: return : polarity(arg2)
Compose2(argl,arg2) else: return -1
else if argl is positive and arg2 is not neutral: return polarity(arg2)
else if polarity(argl) equals polarity(arg2): return 2 polarity(argl)
else if (argl is positive and arg?2 is neutral) or (arg2 is positive and argl is neutral):
return polarity(argl) + polarity(arg2)
else:return 0
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Sentiment ldentification #2

* Numeric sentiment identification

» Strength of sentiment words

* the sentiment scores are not only associated
with user star ratings but also word appearance

frequency
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adjective words

Ady score Adjy score
Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7

Bad 1.5

Great 4.5
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Sentiment Identification #2

adverb words

Adv score Adv score
Super 0.41 Pretty 0.18
Not —1.90 Most 1.0
Little —0.16 | Never —2.0
A bit 0.03
Pretty 0.06
Really 0.42
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Score(adv) = Pol(adj) - (Score(adv, adj) — Score(ady))
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Sentiment Identification #2

- Derivation of sentence sentiment score
Score(adv(adj(noun))) = Score(adj)+Pol(adj)-Score(adv)

Score(adv(verd)) = Score(verb)+ Pol(verb)-Score(adv)
Score(neg(adv(adj))) = Score(adj) + Pol(adj) - Score(adv)
+ Pol(adj) - Score(neg)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) - Score(adv)
+ Pol(verd) - Score(neg)
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Sentiment ldentification #3

« Bag-of-Word & Rule Based Method

* Emoticon
e /7 positive emoticons :-)
« 59 negative emoticons <3

* Internet language

« [Thank you | go], [a company(organization) name | a
person name] : 1st comment! Go Bulls!

* Domain specific keywords

* “Yum, Yummy” should be positive word for food comments
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Machine Learning Model|

+ Ensemble learning

+ 3 basic features

o Score from #1 algorithm: S1 [-10, +10]
+ Score from #2 algorithm: S2 [-5, +5]
+ Sentiment from #3 algorithm: S3 {P, N, O}

+ 2 derived features

o S1+352
o S2-51
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Machine Learning Model (Cont'd)

+ Data

+ Manually labeled 2000 Facebook comments and 1000 Twitter
tweets.

+ Predictive models
+ Decision tree
+ Neural network
+ Logistic regression
+ Random forest
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Experimental Results
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Figure 2: The precision, recall, F-measure, ROC, and accuracy for Facebook comments
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Online Product Recommendation

Object Leaf:

® Table
Py Gothic .

Antigue
: Industrial Modern
lik:
e ® S ke @
Pottery Barn
Hot Pink
. Flay Table w' lce Buckel .
Peb: like
Material:
Purpose: Wood Phillip Starck
Dorm: yes Cherry

RV: no
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Product Description

Brand Name: american heritage
Item ID: 400306652513
Title: american heritage delta stool in

black with black vinyl set of: 230"

Seller Tag: [application: residential
arms: armless
swivel:stationary
back: backless
finish: black
support material: cherrywood
seat material: vinyl
style: traditional
seat height: bar (28"-30")
brand: american heritage]

Item Type: bar stools

Price: $89.0
Seller ID: 220801362
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Semantic Understanding of Product

Color

Descriptions

[color semantic ontology snapshot]

silver

REL_CL.: sterling
SP_VA:gray
REL_CL:grey
REL_CL:pewter
REL_CL:chrome
REL_CL:metallic
SYN:silverplate
SYN:silvertone
REL_CL:nickel
REL_CL:platinum
REL _CL:argent
REL_CL:plata
REL_CL:gunmetal
REL_CL:rhodium
SP_VA:metalic
SP_VA:sliver
SP_VA:sil
SP_VA:sliv
SP_VA:slivery
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(grey)(metallic)
(grey)(metallic)
(grey)

(grey)
(grey)(metallic)

(grey)(metallic)
(metallic)

(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)

(metallic)(grey)
(metallic)(grey)
(metallic)(grey)
(metallic)(grey)

Material

[material semantic ontology snapshot]

metal

REL_CL.: steel
SYN:iron

REL_CL:aluminum
SP_VA:aluminium

REL _CL:sliver
REL_CL:bronze

REL_CL:chrome
REL_CL:copper

REL_CL:zinc
REL_CL:plated
REL_CL:brass

(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
(metal)
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Semantic Understand of Online

Product Descriptions

Style

[style semantic ontology snapshot]

royal
REL_CL: louis
REL _CL:victorian
REL_CL:william
REL_CL:edwardian
REL_CL:empire
REL_CL:napoleon
REL_CL:anne
REL_CL:georgian
REL_CL:charles
REL _CL:prices
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(royal)
(royal)
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(royal)
(royal)

Room Type
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Thank You

http://kzhang6.people.uic.edu/
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