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Soclal Media vs. Mass Media

e Mass Media

— industrial media, traditional media, broadcast media
— newspapers, television, film

e Social Media
— Internet forums, weblogs, wikis, podcasts

e Characteristics

— Reach - both media provide scale and enable anyone to reach a global audience
— Accessibility
* mass media: controlled by for-profit enterprises
 social media: available to anyone at little or no cost
— Usability
e mass media: requires specialized skills and training
 social media: anyone can operate the means of production
— Recency
» mass media: the time lag is relatively long
 social media: virtually instantaneous responses

B (http://en.wikipedia.org/wiki/Social_media)



Applications of Social Media

« Communication
— Blogs (blogger, livejournal), ...
» Collaboration
— Wikis (Wikipedia), Social bookmarking (Delicious), ...
e Multimedia
— Photo sharing (Flickr), Video sharing (YouTube), ...
o Entertainment
— Online gaming (World of Warcraft, A 8+ 7 ), ...




State of the Blogosphere / 200

» Blogs are Pervasive and Part of Our Daily Lives
— comScore MediaMetrix (August 2008)
— Blogs: 77.7 million unique visitors in the US
— Facebook: 41.0 million
— MySpace: 75.1 million
— Total internet audience 188.9 million
o eMarketer (May 2008)
— 94.1 million US blog readers in 2007 (50% of Internet users)
— 22.6 million US bloggers in 2007 (12%)
* Universal McCann (March 2008)
— 184 million WW have started a blog | 26.4 US

— 346 million WW read blogs | 60.3 US
— 77% of active Internet users read blogs

ZEl (http://technorati.com/blogging/state-of-the-blogosphere/),



13‘3 millicn hlug records indexed by Technorati since 2002

7.4 million blnga\eosted in last 120 days

1 5 nhllmn t:ha.gs pbsted in last 7 days

gum Dﬂ:{b‘og\ pbe.ts in 24 hours

?E ﬂﬂ{l blﬁgs %thﬂanhwaﬂ Authority of 50+
orati Authority

Technorati Authority 15 the number of
blogs linking to a website in the last six
months. The higher the numbsr, the more
Authority the blog has.




From Taxonomy To Folksonomy

Collaborative Tagging:

Metadata of a resource is generated by both
the creator and its readers collaboratively.
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Social Annotation

e Multimedia
— Text (news, forum, blog, etc)
— Image
— Video

e Explicit Tagging vs. Implicit Tagging
e Search, Recommendation, and so on




Social Annotation Enable Searching




From Search Point of View

« Content of resources (by Iindexing)

o Structures of resources (by link analysis)
 Linguistic resources (by concept expansion)
» User log (by concept recommendation)
 Social Annotation (by ???)

l} L 5
2 18



Motivation

* Annotation may facilitate recommendation and
effective retrieval.

* Not all resources can gain the benefits from that.

— lll-tagged period of URLS prevents them from being
retrieved.

— The retrieval performance for new-coming URLS
degrades inevitably.

 How to predict a quality tagging set for a
resource IS an important issue.

-
"
l} I

2 A 19



Predicting Social Annotation

Indexing + Annotation Histories =
Prediction




Framework of Tag Prediction

Algorithm

—
ﬁ

Text Collection of

Content Text
of Testing URL

—

Training URLs __/

—
ﬁ

Annotations for

Content Tag
Selection

§ Spreading
Activation

s

Training URLS/

Tag Correlation
Computation

Early Annotations
for Testing URL

Predicted
Tags

T

Tag
Correlation
Graph
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Tag Prediction Model us

o Content Tag Selection
— Follow the statistical translation model in information retrieval

— Estimate the probability that a query would be generated as a
translation of a document

— Rank terms in a URL as candidate tags

CTScr(t; [d)= > log(N xmax(Pc(t; |term,), —))
termjed
N: the number of documents in the training data

P (tjterm;): the probability of t; as a stabilized tag when t; and term; co-
oceur in the same document.

D the set of documents where term; occurs
- the set of documents in D; with t as a stabilized tag.
C(t |termj) — |Dj || / |D |
All terms in the document are ranked according to their scores.

i 22



Tag Prediction Model s

e Tag-correlation graph
— node: tag
— edge between two nodes: their correlation

* Correlation: the strength of the edge from t; to t;
— asymmetric

# of stabilized tag sets containing t; and t;
Pr(t; |t; )=

# of stabilized tag sets containing

o
ety 23



Tag Prediction Model s

e Spreading Activation

Tag-Correlation Graph




Tag Prediction Model s

e Spreading Activation

— At each iteration, node t; propagates a portion (1- A ) of its
energy to its nelghbors and gains some energy from its
neighbors.

E(t)=AxE(t)+@A-2)x > (E{t;)xW(t; t))
t; eNeighbor(t;)

PT(ti |tj)

ZPT(tk |tj)

t, eNeighbor(t; )

— Spreading activation is performed for a fixed number of
Iterations and eventually tags of the highest energies are

proposed as the predicted stabilized tags.

Sy 25



Tag Prediction Model s

o Spreading Activation

— A tag is called an activation origin if it is a selected candidate
content tag or if it is an early user-annotated tag.

— We initialize the energy for each tag to O except those
activation origins.

— For each candidate content tag t; selected from the document d,
Its initial energy E(t;) is its content selection score CTScr(t;|d)
normalized by the highest content selection score of terms co-
occurring with t; in d.

— For each of the early user-annotated tags, the initial energy Iis
Its total tagging by early users.

— For a content tag also annotated by early users, its initial
energy Is the sum of these two values.

) ’3‘ 26



Experimental Data

Dataset # URLs |Comments

13,934 sufficiently-annotated

. » 45,156 annotated by 20+ users
Training 59,090

e sufficiently-annotated
Testing 2,000 e top 25 stabilized tags




Experimental Results

Method Metric R-Precision Recall MAP
CTScr 0.2687 0.3569 0.1768
User-5 0.2359 0.2343 0.2077
CTScr + User-5 0.3972 0.4733 0.3439
gi%rgtﬁs:aflgﬁfz) 0.4493 0.6072 0.3879
User-10 0.3445 0.3436 0.3025
CTScr + User-10 0.4591 0.5360 0.4154

28




Tag Categorization

« (Categorize the tags into three types according to the relations
between tags and target URL.
— Topic-description Tags
» stabilized tags describe the implicit topic of the target URL

 highly correlated to the terms in the URL content, and correlated to some other
tags of the same type

 tags such as ‘programming’ and ‘java’ for a URL introducing java
programming
— Function-related Tags
 describe or conceptually related to the function of the target URL

» some of them are highly correlated to other tags but most of them usually have
no evident correlations with terms in the text content

* “web 2.0” for a URL provides service to rank professors in universities
— Personal-use Tags

 occur in the stabilized tag set arbitrarily

* E.g., read and reference

i 29



Tag Normalization

Canonical Form Group of Tag Strings
common lisp Commonlisp, clisp, common_lisp

drag and drop drag-and-drop, draganddrop, dragndrop
online game Onlinegames, online_game, olg

web 2.0 web2.0, web 2.0, web2, web20, web 20




Emotion Tagging




Emotion Analysis

e \Writer Emotion VS. Reader Emotion

| =




Writer Emotion Analysis




Writer Emotion Analysis

Bloggers express their strong
feeling with a special set of
emoticons

Weblog as Corpora
— Text provide the content

— Emoticon is the gold standard

Positive Emotion Negative Emotion
Tagged |Descnp-| Sub | Tagged |Descnp- sub
[con tion |Categorv| Icon tion | Categorv
s |laughing (- CIVing
= — ) SAD
= big grin | HAPPY zad
- happy
2] rose - angry
= — *) onr| ANGRY
! blushmg| 55 ) |phbbbbt
vy love
= strnck
)
2

Tom so crazy but I'm so happy

88 L AL EEHE

SERGAEE  FashEsnsEc
ther A — e T2 B

e T

B E TR R

(B EI R RS SER L

Ef]FE=RIEE % 2R
BET iPod ABET

Tom so0 crazy but I'm so happyﬂ
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Kernel:
Sentence
Classification

Application:
Document
Classification

/-
/ Bt

Traming
Datazet

Query

R

A

Instances

Lexicon Building

_____________________________________________________________________________________ e
IR [=-- >

>

Relevant
Document

Tageed instances

.77 Testing
! Dataszet
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 Emotion Lexicon
Building
e Thayer’s model

Arousal (energetic)
A
PP0@ | OOBO®
RO SROREL
(negative)
DDOF®
BPOEB

(s1lent)

whos (halhal ) “hah hah™
Sense | .@(lzmghing) —co: 25154.50
eg, %% W RHELZEHET~
“hah hah... % I am getting lucky—"
Sense 2. @(big arm) —co: 2667.11
eg. SR RN T Hakd ey &
“I only memorized vowels today- haha@”
] 2 (ke3wud) “darn”
Sense 1. @(ang[}r) —co: 2797.82
cg. BEARHINE. TESD
“What's the hacker doing... darn i:@“
Sense 2. |:-:"3(phbbbl:)t) —co: 61924
e.g. 'f"]*.%éfjﬁ'l‘:?_)\....@
“Damn those afien.s@“




Emotion Lexicon

Emotion Description Kevwords
4 " 41 £ +- 25 - s T
. S i" ] LY E w T ? LY _j:_?,_ LY
jo0y () polarity 1.30 itive | % :FTE, T% : %f
energy - high A~ Fa o Ry - W R
: polanity * negative | 4 ~ AR ~ AL~ T 2
angry (73 _ o
energy - high EE T
N polanity © positive | R ~ JH - 5~ EEIG
sad (32) _ .
energy - low - RN SR I v

polarity : negative | 54 ~ Bo ~ HFE - HE

happy (4%
bpy () energy : low NEE ~ doidh o~ AR

&
M,
=1




Sentence Level

* Blogger’s Emotion Detection

e J O -"-"'--1'\. I'-I.d I"!- :'

1 E-—HRIEHERET

54 | RAEEHR @ SR _EHRANNET HEH
ﬂ 2 jmms
B~ PRI HREL T p PR R AR
3 ﬁ""a,_

£ | | gt fﬁﬁ' :
TART RIS L T @ SRRt TR REIE R (3 B
. ITEED . RENE| R ARl 152 R

@ BTHBSIERERLES
FTEEATE  fthar HTF SRR 0 (5 BEE S 5550 e
ST HEEEET TR B nang Gl HMiEHHE..my boss

SETEEHTIE . my boss




Emotion Classification at Sentenr

Blogosphere | |

Sentence with

emotion icon

~__

Collocated
Pairs

Yahoo! Kimo | J ‘

A

Emotion

Keywords Collcation Model

A

4

‘ J
|
Featured LibSYM
Sentence
Input Sentence

Joy

A

i

Angry

Sad

Classification

i

Happy




Emotion Classification with Bleg

e Sentence X :blahblahblah.. &
. Sentence X+1: blah ... blah blah ... &
e A function from lexicons to emotion classes

FS= {fk|fk; 1Ek£ﬁ'i I} ELE‘I}

S - FES — ecie,. ..}

extraction classificaion

* Machine Learning Methods (SVM, CRF)
— Features: Keywords In blog articles
— Ground-truth: Emotions of the blogger

n
"
- - M
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System Framework

Blog

Posts

.

Training

N

SVM

Lexicon Construction
Features%

[

Dataset
\/

\C Classifier Testing

stances lassified Dataset
\/
Instances / Evaluations

CRF

— >R Relevant
P Document

- »( Classifier )
-

weuristic%}
Emotions

Classified Instances
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Dataset

e people use emoticons to replace certain
portions of their text contents to make their
articles more succinct

Dataset # of tagged Avg'-.rlengﬂw Avg. length
(2006) # of posts posts Percentage of tagged |of untagged
Training | 4,176,250 575,009 13.77%|269.77 chrs.| 468.14 chrs.
Testing | 1,234,683 182,999 14.82%|281 .42 chrs.| 455.82 chrs.
Total |5,410933 758,008 14.01%|272.58 chrs.| 465.37 chrs.

Yahoo! Kimo Blog [ ] 1.-!‘ I

42



Experimental Results

Table 3. (E-1) on Coarser Emotion Categories.

Experiment Setup Precision Recall F-Score

Bayesian 50 features 4 78.30% 31.38% 44 80%
Bayesian 100 features 74.66% 42 11% 93.89%
Bayesian 150 features 73.78% 46.72% 27.21%
SVM 50 features 4 78.67% 31.21% | | 44.69%
SVM 100 features | 75.02% 4167% | | 53.58%
SVM 150 features | 74.02% 46.78% | ¥ 57.33%

Table 4. (E-2) on Coarser Emotion Categories.

Experiment Setup Precision Recall F-Score

SVM 50 features 4 7822% 15.56% 25.96%
SVM 100 features 74.18% 26.33% 38.86%
SVM 150 features 72.41% 32.24% 44.61%
CRF 50 features 4 82.27% 16.37% | | 27.31%
CRF 100 features | 80.34% 2851% | | 42.09%
CRF 150 features l P % | V¥ 9

#Htest
Instances:
31,255

#test
Instances:
17,887

43



Reader Emotion Analysis




Research ODbjective

e Predict order of reader emotions




Research ODbjective

e Predict order of reader emotions




Research ODbjective

e Predict order of reader emotions




e Yahoo! Taiwan News articles
e January 24 — August 7, 2007
e Training: 25,975 articles

o Test: 11,441 articles




1. Pairwise Ranking
2. Regression




 Predict pairwise order of emotions
e Combine into a ranked list




« Ranking three emotions A, B, C




« Ranking three emotions A, B, C
 Prediction:




Pairwise Ranking Exampl

« Ranking three emotions A, B, C
 Prediction:




e Use SVM to predict pairwise order




e Use SVM to predict pairwise order
< RankingSVM in information retrieval




o Use regression to predict voting percentage
« Rank emotions by voting percentage




Regression

« Use regression to predict voting percentage
e Rank emotions by voting percentage
 Prediction Result:

0% 2% 4% 37/% 19% 10% 1% 27/%

$ © ©® 6 © e @ @
I OBE O BEE WA 0 =H O OAR &M &5




NGy
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il

» Use Support Vector Regression (SVR)




Accuracy
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Accuracy
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+«—— Regression better at
- predicting first emotio

li.....

1 2 3 4 5 6 7 8
Accuracy@
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Results

0.8

Pairwise better at
predicting entire list

O
o
|

[J Regression
M Pairwise

Accuracy
o
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O
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0.0
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Accuracy

O
o

O
o

O
IN

O
N

O
o

Sharp decrease:
Opportunities
for improvement

1 2 3 4 5 6 7 8
Accuracy@

[J Regression
M Pairwise




Integration of
Blog Browsing Experience
Into an Interactive Content Presenter




Motivation

Another Emotion-Embedded Content (1)
« BLOG - Text

Integration of videos and audios (2)

« Replace BLOG browsing experience
with the Video part

Physiological Preference Feedback (3)
applies as well
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e Machine learning
techniques applied

— Music and Photos
(Chen, Weng, Jeng & Chuang, 2008)
(Wu & Jeng, 2008)

— Blog Text
(Yang, Lin & Chen, 2007a, 2007b)

e Focus on 8 emotion categories




From Blog Browsing to Video

e Recorder

— To record a browsing behavior while
using the scroll

e (Generator
— 640 x 480 SHOT on blog page
— Sampling Rate:
(3 pixels offset per SHOT)
(2 pixels offset per SHOT)

l} i
gLy 66



Integration with Music Slldeshowﬂm Al

* 8 (emotion classes) * 10 (blog pages)
=80 videos (in 640*480 wmyv format)

= o
L
i e,
s R,
PR
o

touching

*sllde mode
*blog mode
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Conclusion

e Prediction of Annotation in Social Media

e The experiment results show that our tag
prediction model is able to predict a considerably
large portion (~51%) of the stabilized tag set with
only 5 user annotations.

e That facilitates recommendation and effective
retrieval of new-coming resources.

 Soclal media provides training and testing set for
emotion analysis.

-\.
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Thank You!
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